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INTRODUCTION 
The foundations of artificial intelligence go back to the 
Seventeenth Century. The German philosopher Leibnitz is reported to 
have thought that the solutions to future philosophical questions 
would start with the interrogatory, translated as, "Gentlemen, let 
us compute!" He assumed that philosophy could be reduced to a 
single, albeit perhaps complex, algorithm. Such a view was shared 
by a number of the Encyclopoodists and other thinkers of the 
Enlightenment. 
The algorithmic reductionist theory of philosophy suffered a 
setback nearly two centuries later from the Incompleteness 
Theorem of Kurt Goede!. This famous theorem said that certain 
formal systems, for instance the natural numbers, are not both 
consistent and complete. Basically, this means that there are 
statements in the natural numbers that are true but not 
(algorithmically) provable. If the entire truth set of the most 
elegant of number systems could not be generated algorithmically, 
what hope was there to do so for the more complex systems of 
philosophy? Goedel's Incompleteness Theorem might have ended 
research into machine intelligence were it not for other more 
recently developed methods of capturing intelligence. These 
recently developed methods, heuristics, can be put into computer 
form, but they do not follow rigid algorithms. 
Heuristics are the set of "rules of thumb" experts use to solve 
problems in their areas of expertise. They are rules that the expert 
uses to demonstrate his/her expertise; they distinguish the expert 
as an expert and as intelligent. And these heuristics can be coded 
into a form a computer can recognize. The computer can hold 
tremendously large sets of heuristics and do manipulations on them 
very fast. 
Programs that hold and manipulate heuristics are called expert 
systems. They can, in a sense, "capture" the expertise of human 
experts. They can be modified and, in some cases, modify 
themselves in the light of subsequent information. While being only 
recently developed, expert systems have enjoyed a tremendous rise 
in popularity. 
The purpose of my thesis was to study expert systems as they 
apply to optometry. Three sub-goals immediately arose; they were: 
A. To learn the prior art. This literature search aimed at studying 
experts systems already developed in business, the military, 
medicine and optometry. 
B. To become familiar with commercially available expert systems 
shells. This process required obtaining various low-cost systems 
and using them to build some demonstration expert systems. 
C. To build optometric expert systems. The tremendous potential 
of expert systems in optometry made this sub-goal particularly 
attractive. 
There were numerous reasons to pursue such a study. The 
successful use of expert systems in business indicated that there 
might well be applications for them in optometry. Military 
optometry and even more generally, military medicine, might well 
benefit by the introduction of expert systems. Medical and 
optometric expert systems seemed to have an immediate application 
and benefit in quality assurance, both as cost containment and risk 
resultant expert system also was capable of handling factors of a 
specifically military environment, such as the nuclear, chemical and 
biological (NBC) warfare situation . I entered the essay in the 
Ambrose Pare Award for Military Medicine. 
Chapter 3 
Great advances have been made in the field of automated 
perimetry. These have so far been limited mostly to the area of 
automated data collection; the next logical advance will be to 
automated data analysis. I used a fundamentally different type of 
expert system, a parallel processing simulation program, 
NeuroShell®, for my next exercise. use this shell to design a 
demonstration expert system to decide whether or not a visual field 
is glaucomatous. This expert system is a model of a larger system 
that will eventually automate the human decision making of visual 
field analysis. 
Chapter 4 
Because it is so quantitatively based, the refraction of the far 
prescription is a logical goal for expert system development. I put 
my experience using NeuroShell® to good use developing such a far 
prescription writing expert system. The process of its development 
and some details of its performance make up this chapter. 
Appendix 
Further efforts to inform optometrists about expert systems 
included two poster presentations. One was presented at the 1989 
annual meeting of the American Academy of Optometry in New 
Orleans. It was a general overview of expert systems, their uses in 
business, medicine and potential uses in optometry. It included a 
avoidance tools. Finally, expert systems may be of value as 
educational tools, and as research tools in the study of knowledge 
representation and acquisition. 
ANNOTATED TABLE OF CONTENTS 
Chapter 1. 
An extensive search of the literature about experts systems 
and medical expert systems, including a 120 item listing from 
MEDLINE, revealed that many medical expert systems have been 
developed. Further research showed that very few were in actual 
use. Opinions as to the usefulness and potential of expert systems 
varied. Why more medical expert systems were not in wider use was 
an extensive and controversial question. 
There were a mere handful of expert systems in ophthalmic 
domains. There were none in specifically optometric domains. This 
was rather surprising since many optometric domains meet the 
expert system production criteria established by Waterman. It was 
felt that the first priority of my research should be to inform 
optometrists about expert systems as soon as possible. The fastest 
and most respectable way to do such a thing would be to publish an 
article in the Journal of the American Optometric Association. This 
chapter is the result of such an effort. 
Chapter 2 
There are a number of triage systems in emergency medicine. 
Some of these have been developed by military doctors. As my first 
exercise in expert system development, I used the example-based 
expert system shell, 1 stCiass®, to show the process of development 
of a military triage system from four existing triage systems. The 
demonstration of two experts systems on the diagnosis of the acute 
red eye. One program used the rule-based EXSYS® and the other used 
the example based 1 stCiass®. The second poster was presented at 
the 1990 annual meeting of The Association fro Research in Vision 
and Ophthalmology in Sarasota, Florida. It was an assessment of 
four experts's opinions in the fitting of contact lenses using 
1 stCiass®. 
CHAPTER 1 
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ABSTRACT: An expert system is a computer program which uses 
artificial intelligence to make logical decisions on the basis of 
input data. The rules the system uses to make its decisions are 
called heuristics and can be provided in the form of lf ... Then 
statements, or they can learned by the system from examples. The 
term "expert" is used because the rules or examples come from 
human experts and the program is considered to have captured their 
expertise. Currently there are many expert systems in business and 
medical use but few, if any, expert systems are used in optometry. 
The rule-oriented nature of many ophthalmic procedures suggests a 
future role for these systems, but their cost-effectiveness may not 
yet be favorable enough to justify development of expert systems 
for optometric practice. 
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KEY WORDS: expert system, artificial intelligence, optometry, eye 
care, ophthalmic, mode of practice, patient care, computer 
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INTRODUCTION 
It's Friday afternoon and your patient is an out-of-state walk-
in whom your receptionist has fit between two dilations and a 
contact lens problem case. You have completed your examination and 
the patient is looking at you expectantly. Findings include: lost 
glasses, 3.0 diopters of anisometropia, 2 diopters of vertical phoria 
at near and 5 diopters in the distance, oblique cylinder with a 
different axis at near and distance, and a patient who shows every 
indication of being binocular. What do you do? Your choices might 
include explaining to your patient that you have to go back to 
optometry school for a while to work on her case, referring the 
patient to an out-of-town human expert who might be able to help, 
or consulting with your expert computer system for advice. 
Although you probably don't have an expert in your office computer 
yet, in a few years consultation with your computer's expert system 
(ES) will probably become standard practice.1 
ESs are one of the many aspects of the rapidly developing field 
of artificial intelligence (AI).2-7 Besides ESs, other major areas of 
AI include robotics and machine vision.8,9 Examples in these areas 
range from the welding robots which make major parts of virtually 
every automobile sold in the United States, to complex color and 
pattern recognition systems which can monitor fruit passing along a 
conveyer belt and pick out those with bruises and/or with shades of 
color indicating that they have not reached the desired degree of 
ripeness. 
Even though the implications of robotics and machine vision 
for society are enormous, it is ESs which will allow computers to 
simulate human intelligence. How intelligent can ESs become, and 
will they eventually replace humans in important tasks such as 
making medical/optometric diagnoses and treatment decisions, or 
determining guilt or innocence in courts of law? 
On a more basic level, how can it even be said that a computer 
program possesses the human characteristic of intell igence? Alan 
Turing proposed a test for the possession of intelligence in which an 
isolated human judge is required to distinguish between a computer 
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system and an intelligent human by simply asking questions.1 0 If 
this distinction cannot be made within a certain time, the computer 
system is deemed to have intelligence. Many ESs currently available 
can pass this test if the questions are limited to the ESs' areas of 
expertise. A somewhat less formal test for intelligence involves 
the ability of an ES to play intellectual games; if the ES can beat 
humans, it has intelligence. Currently, there is an ES which is 
ranked in the top one-half percent of chess players in the United 
States, which, by the game test, makes the ES quite 
intelligent.6 • 7 ' 11 
WHAT ARE ESs AND HOW DO THEY WORK? 
ESs are computer programs which simulate the decision 
making ability of human experts. They are capable of analyzing a set 
of input conditions, reaching conclusions in a human-like manner, 
and learning from their successes and failures. Examples range from 
programs that simulate the tactical behavior of an enemy on a 
battlefield 12 to famous medical ESs such as ELIZA which simulates 
a psychologist doing Rogerian therapy.13,14 
ESs make their decisions by using a set of rules referred to as 
heuristics which are often called rules-of-thumb when used by 
human experts. Once specific conditions or situations are entered by 
the user, the ES follows its heuristics to make a decision about the 
consequences or implications which follow. For example, the 
temperature, blood pressure, pH, medication levels, and related 
variables associated with a disease process might be input to an ES 
which would then decide on (or possibly control via robotics) 
treatment of the patient. 
How does an ES learn the rules it uses for making its 
decisions? If the application planned for the ES is complex or has 
significant financial implications, two different groups often 
participate in teaching rules to the ES. Domain experts, who are the 
most knowledgeable humans available in the field, are selected and 
knowledge engineers translate their expertise into machine-usable 
form. Typically, the knowledge engineers use interviews with the 
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domain experts to construct a series of lf ... Then rules for the ES. 
An example of a very simple lf ... Then rule would be: If the patient is 
a myope with a significant refractive error, then prescribe minus 
power lenses. While the individual rules can be simple, combining 
many of them together allows the ES to make very complex 
decisions. 
Knowledge engineers can also choose to let the ES derive its 
own rules by providing examples of situations combined with the 
decisions or conclusions reached by domain experts. When lf ... Then 
rules are provided, the ES is referred to as "rule-based," and when it 
uses examples to derive its own rules, it is "example-based." 
Recently, the process of creating an ES has been simplified by 
the development of commercially available and relatively 
inexpensive shell programs which can be customized for any 
expertise domain. The user, who may be the domain expert, simply 
types in the lf ... Then rules, or the examples, and the shell configures 
itself into a usable ES with very little additional effort. 
Internally many ESs work by constructing a decision tree 
which links all of the rules together in a logical manner. In a 
complex ES, this decision tree might have hundreds or thousands of 
decision points. For example, to reach a certain point on the tree, 15 
different input conditions must have all been present in the data 
provided to the ES, 32 other input conditions must have been absent, 
and another 112 conditions must have been considered and found to 
be irrelevant. Following the decision tree, the ES can provide a 
single, specific conclusion (e.g., prescribe -3.25 OS OU), or it can 
provide a set of probabilities associated with different conclusions 
(e.g., the probability that the patient has AIDS is 70%). 
Many ESs have only two possible outcome branches for each 
decision node. Others use what has been termed "fuzzy" logic and 
allow many possible outcomes with a probability of occurrence 
associated with each outcome. 15• 16 These fuzzy ESs allow very 
complex problems to be considered.1 7 
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BUSINESS APPLICATIONS OF EXPERT SYSTEMS 
In many applications, ESs have moved well beyond the research 
and development stages. By 1987, it was estimated that there were 
over fifteen hundred ESs in commercial use, 18 and many of these 
have proven to be valuable assets for the companies that developed 
them. Perhaps the most famous success story involves the XCON 
program which was developed at Carnegie-Mellon University for the 
Digital Equipment Corporation (DEC).19, 20 The problem that DEC 
addressed with XCON involved the need to tailor VAX computer 
configurations for the special needs of each individual customer. 
This task was originally done by skilled designers who took into 
account the customer's requirements for memory, processing speed, 
data storage, number of work stations, physical environment in 
which the system would be used, etc., and matched these 
requirements with DEC's extensive catalog of 24 computers and over 
20,000 other items. With XCON this task is now done faster, less 
expensively, and more accurately than when it was done by 
humans.21 Currently, XCON is used on a daily basis at DEC, and 
reportedly has changed the structure of the company; the initial 
investment of $60,000 has yielded a return of an estimated $70 
million in cost savings per year. 2 2 
XSEL is another ES developed at Carnegie-Mellon and used by 
DEC. Similar to XCON, it assists sales personnel in ordering the very 
complicated computer systems sold by DEC. Not only has it cut 
costs, but the accuracy of orders written with help from XSEL 
increased to 99% from the 70o/o accuracy level of orders written 
without it.2 3, 24 
Expert systems serve not only the needs of highly specialized 
users such as DEC, but they are also used in situations involving 
interactions with the general public. Authorizer's Assistant is an 
ES used by American Express to help credit authorizers determine 
when to extend credit limits for cardholders.25 Normally credit 1s 
authorized automatically by checking the credit status of the 
cardholder, but, if the charge is outside certain limits, a human 
authorizer is called. The authorizer's task is to review variables 
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including the cardholders credit history, amount of the purchase, 
recent buying activity, etc., and to make an expert decision about 
whether to authorize the purchase. Because of the number of 
variables that must be considered, the fact that incorrect decisions 
can be very expensive, and the need to make decisions quickly, an ES 
was developed. After a year of work, a rule-based ES called the 
Authorizer's Assistant was produced. The Authorizer's Assistant 
can currently handle 25-30% of the American Express credit advisor 
traffic and has decreased approval times by 20%.26 More 
importantly, its use has increased the accuracy of the credit 
approval process, saving American Express an estimated $27 million 
per year. 
Expert systems can also be used to control industrial 
processes by making decisions about complex and interacting 
variables which might occur in unpredictable combinations. Nippon-
Kokan Ironworks in Japan employed a human expert to operate a 
giant blast furnace, but the expert, referred to as "god," was 
preparing to retire. To replace god, a decision was made to create 
an ES; after one and half years of program development; god's 
expertise was captured. In an initial evaluation, the ES was shown 
to be about 85% as reliable as the human expert in operating the 
furnace. 27 More recently, Hitachi has developed a similar system 
which makes decisions that are equal to or better than those made 
by humans 93% of the time.28 
Because the military often has a need for rapid and accurate 
decisions based upon multiple, interacting variables, many military 
ESs have been developed. TATR is an ES which can assist Air Force 
officers in targeting enemy installations for attack. It matches the 
available munitions and their carriers with available targets so as 
to inflict the maximum destructive effect on the enemy.29 ,30 
MEDICAL APPLICATIONS OF EXPERT SYSTEMS 
In the medical area, numerous ESs have been developed. A 
1988 MEDLINE listing cross-referenced for expert systems and 
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medicine yielded over one hundred citations. The knowledge domains 
of the medical ESs developed so far include psychology, 13,14,31-33 
emergency medicine,34 ,35 rheumatology,36, 37 internal 
medicine,38-44 oncology/pathology,45,46 and many others. ESs 
have been designed to function as decision-making aids at the 
primary care level and to act as expert consultants at secondary and 
tertiary levels. 
A computerized decision aid ES for trauma was developed by 
researchers at the Medical College of Pennsylvania.34 This rule-
based system analyzes signs, symptoms, and laboratory findings to 
assist physicians in the treatment of penetrating abdominal 
injuries. In a clinical performance evaluation, the ES actually 
outperformed every one of a group of thirteen medical students and 
residents. 
MYCIN is one of the first and most famous of the rule-based 
medical ES. It was developed at Stanford to aid in selecting the 
proper therapy for inpatients with certain systemic infections. 
MYCIN has the capability of dealing with the uncertainty that is a 
part of medical practice, and can also explain how it arrived at its 
decisions, just like the best chief resident.38-40 
Perhaps the most comprehensive of the expert consultant type 
ESs is CADUCEUS/INTERNIST, which is a rule-based system designed 
to simulate the expert decision making of an experienced, board-
certified internist. The outcome of more than 50 person-years of 
work by a knowledge engineer and a physician-domain expert (and 
several million dollars), INTERNIST is capable of making extremely 
complicated diagnostic decisions. The program can consider more 
than 3500 patient manifestations and select diagnoses from more 
than 500 disease possibilities. The future standard of practice in 
diagnostic medicine may well include such systems.41-43 
OPHTHALMIC APPLICATIONS OF EXPERT SYSTEMS 
Only a few ESs have been developed in the ophthalmological 
knowledge domain and most of these are several years old. 
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Researchers at Rutgers used a causal-associational network 
(CASNET) to develop an ES for the diagnosis and treatment of the 
glaucomas.47 The program called CASNET/GLAUCOMA allows input 
of up to 400 test results and provides up to 200 diagnoses, 
treatment recommendations, and/or requests for further testing. 
This system uses complex internal strategies for determining its 
outputs and includes a cost-benefit assessment if further testing 1s 
recommended. CASNET/GLAUCOMA not only features a user-friendly 
interface and extensive explanations, but it also offers a list of 
published resources to support its conclusions. At a meeting of the 
American Academy of Ophthalmology and Otolaryngology in 1976, 
over 77°/o of ophthalmologists who tried the system considered that 
it operated at an "expert or very competent level.'A 8 
OCULAR HERPES MODEL is a rule-based expert system designed 
to aid in the selection of therapies for ocular herpes.49 This system 
was also developed at Rutgers and is based on the rule-based ES 
shell, EXPERT®. Data on patient signs and symptoms, prior 
treatments, and drug sensitivities are input to the ES and it selects 
drugs of choice and their administration regimens. OCULAR HERPES 
MODEL features a user-friendly interface and provides very 
extensive explanations for its decisions. 
The Primary Eye Care system (PEC) is an ES used by non-
physician health care workers for the treatment of potentially 
blinding eye disorders.SO Its knowledge base is derived from the 
World Health Organization's Guide to Primary Eye Care. It was 
originally written for a DEC-20 mainframe computer, and then was 
modified for use on Apple //e and other micro-computers. PEC uses 
131 rules and allows 72 observations, 39 diagnostic categories and 
15 different, possibly multiple, treatments. It has been tested in 
the American Southwest and in Africa with the ultimate goal of 
implemention on hand-held, battery or solar powered micro-
computers. 
PADI-HAA is an ES used for the diagnosis of glaucoma.51 
Signs and symptoms of non-congenital glaucoma are graded in terms 
of severity, importance, and other factors, and the rule-based ES 
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decides which of several diagnoses provide the best match. The 
authors note that PADI-HAA is not a major advance in diagnostic 
science but point out that the system is valuable in that it never 
forgets to ask the right questions or consider an important sign in 
making its diagnosis. In addition to these features, PADI-HAA is 
fast, with an average diagnosis determination time of 15 seconds. 
STRABDIAG is an ES developed at the University of Rochester 
for the diagnosis of strabismus and related disorders.52 It relates 
59 signs, symptoms, and significant items from the patient's 
history with 41 disorders including tropias, high phorias, retinal 
correspondence problems, and suppressions. To use STRABDIAG, the 
user inputs the patient's signs, symptoms, and history, and the 
program determines the most likely diagnoses. An initial clinical 
evaluation of the system yielded a 91% agreement with diagnoses 
made by human experts. As with PADI, the speed and thoroughness 
of this relatively simple ES make it an interesting tool. 
OPTOMETRIC APPLICATIONS OF EXPERT SYSTEMS 
Even though optometrists are now beginning to incorporate 
computer systems into many aspects of their practices,53 they do 
not currently make extensive use of ESs to provide direct patient 
care. If ESs are so valuable in business and other health care 
disciplines, why is this? Are there any tasks which an optometrist 
does that could be done by an ES? Consider the example of the 
patient with multiple problems presented in the introduction of this 
paper, and follow the course of her interaction with the optometrist. 
The first interaction took place when the patient presented at the 
office and it was necessary to adjust the schedule to fit her in . 
Next, a history was taken, and data on the patient's visual status (21 
points, fields, etc.) were obtained by the doctor and/or a technician . 
Analysis of these data allowed the formulation of a diagnosis and a 
management plan. Finally, a billing process was initiated which 
might have involved a direct patient payment or the generation of a 
third party request for payment. Beyond these steps, in some 
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offices the patient's name would be put on lists for newsletters, 
Christmas cards, and other practice building follow-ups. 
In many offices, computer systems are already helping with 
the simplest of these tasks.53 Appointments, billing, and practice 
building are handled by computers using what might be considered 
rudimentary ESs. For example, the appointment program might have 
been given heuristics such as "If the patient will accept the time, 
then assign the first available appointment" or "If the patient needs 
a contact lens check, then assign a 15 minute appointment." 
Similarly, the billing program might use rules such as "If the 
patient has a Blue Cross number, then generate a 'super bill' and FAX 
it to a specified phone number." The practice building program 
might have been taught "If there are multiple members of a family 
as patients, then select the oldest female under 50 to receive the 
news letter." If ESs can help with these optometric office tasks, 
why aren't they more involved in direct patient care? 
One of the most rule-oriented aspects of direct patient care 
involves the determination and correction of refractive errors. The 
rules associated with this process are relatively few in number and 
are reasonably well defined. Typically, the process of refractive 
error determination and correction consists of two distinct (but 
inter-related) elements: information gathering, and decision making. 
Information gathering involves obtaining the patient's history, and 
using various instruments/techniques to get information on the 
patient's health, refractive, and oculomotor status, etc. This can be 
done by the doctor, a technician, or even by a machine using robotics. 
After all necessary and appropriate information has been obtained, 
the doctor applies her/his clinical expertise to analyze the 
information and decides on a diagnosis and management plan for the 
patient. If it is assumed that the doctor makes decisions logically 
during this process (does not use illogical thinking or divine 
inspiration), then an ES using the doctor's heuristics should be able 
to do just as well (or perhaps better since the ES can learn but 
doesn't forget, doesn't have emotionally bad days, etc.). 
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How could an ES learn all of refractive error correction 
heuristics used by an optometrist with many years of practice 
experience? To answer this question, assume that the formal 
information analysis and management rules taught in optometry 
schools could be given to the ES in the form of lf ... Then statements. 
However, as all optometrists in practice know, formal academic 
rules are often modified on the basis of clinical experience. 
Assuming these modifications are based on logical thinking and 
heuristics derived by the optometrist from patient contacts, the ES 
could derive the same heuristics if it were given all of the doctor's 
cases as examples. In this way the ES would capture the expertise 
of the doctor and make diagnosis/management decisions as correctly 
as the doctor. Obviously this process would be time-consuming and 
expensive for the human expert during development, but, once the ES 
was established, it could readily be made available for use and 
enhancement by many other optometrists. 
If an ES could simulate the decision-making ability of an 
expert human refractionist, why hasn't this happened? There are 
several reasons. Of primary concern is the problem of knowing how 
much information an ES needs to have in order to make correct 
decisions about a patient's refractive correction. Some 
optometrists have suggested that they often get information not 
only from the direct content of a patient's responses but also from 
the nuances of these responses. For example, patients might say 
that lens one is clearer than lens two, but may have varying degrees 
of certainty about this which they convey by the speed of their 
response, their tone of voice, etc. These nuances are difficult to 
quantify unless patients are asked to use a rating scale, but this 
would be taxing for many of them. 
Another reason that refractive error correction ESs are not an 
integral part of optometric practice is financial. As with most 
computer software, the development of an ES which would diagnose 
and manage a majority of patient refractive problems would take 
several years of effort and would be quite costly. To interest a 
company or venture capitalist in such an undertaking, there would 
have to be a high probability of success. Would the development 
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costs be exceeded by the profits? Would enough optometrists (or 
other health providers) purchase the ES to make it pay off? Is there 
a need for such a program? 
At present, general practice optometrists can be · trained in 
sufficient numbers and at low enough costs to insure their easy 
availability to most patients. Optometric refraction fees are 
relatively low compared to other health care costs, and very little 
of the exam fee would be saved by having the doctor gather data 
from the patient and then having an ES determine the refractive 
error correction. However, another scenario might be considered in 
which the optometrist was not needed at all to deal with the 
refractive problems of a significant proportion of patients. 
Neglecting health and response nuance assessment, and assuming 
that data gathering using the phoropter and other instruments is a 
skill which could be mastered by a technician with appropriate 
training, the technician could do the manual work and an ES with the 
heuristics of an expert refractionist could do the data analysis and 
prescription writing. To make this system even more powerful, 
another ES could be used to evaluate each data value as it was 
gathered and interact with the technician to suggest remeasurement 
of aberrant values or the need for further testing. The cost-
effectiveness of a technician/ES system would depend on how many 
patients it could handle, but the success of "brief examination" 
optometric practices suggests that for a significant number of 
patients such an approach might be quite cost-effective. A well 
developed ES might handle a large proportion of the patients with 
refractive problems who would present to a typical optometric 
office. For other patients, the importance of response nuances or 
similar factors could render the technician/ES system 
unsatisfactory and the patient would have to be seen by a human 
expert. 
Even if a technician/ES system for refractions were to become 
available today, it is unlikely that it would be welcomed by the 
public or the majority of health care providers. The difficulty of 
gathering accurate information on eye health or subtle perceptual 
problems, and the desire of most patients to have an interaction 
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with a knowledgeable human expert, would limit the acceptance of a 
general refractive error correction determination ES. 
Because of these factors, it is likely that the first patient 
care ESs to be used in optometry will be expert consultant systems 
for complex and/or unusual patient problems. If these problems 
involve decision making and not data gathering, an ES would seem to 
be ideal. For example, consider the patient in the introduction of 
this paper with significant anisometropia and vertical heterophorias 
that differed between distance and near. Because such a patient 
presentation would be unusual for most optometrists, it would be 
useful to consult an expert before determining a management plan. 
Currently, this would involve a letter or phone call, or actually 
sending the patient to the expert--none of which is very cost-
effective as compared to having the knowledge of the human expert 
readily available in the form of an ES. Other areas in which ESs 
might be especially valuable include disease diagnosis and 
management, selection of contact lens parameters for difficult 
cases, establishment of management plans for vision therapy 
patients, and determination of quality assurance standards. 
Given the problems and benefits associated with optometric 
ESs, is it likely that patient care ESs will ever be developed? Most 
probably they will as computer hardware becomes less expensive, 
and the demand for increased productivity and accountability 
becomes stronger. To hasten this process, the availability of shells 
such as 1 stCiass® and NeuroShell® will encourage ES 
experimentation by optometrists, and it is expected that several 
limited scope ESs will become available in a few years.54,55 How 
long will it take before major ES programs are developed for general 
optometric use? There are too many technical, financial, and 
psychological factors involved to make an accurate prediction, but it 
is likely ·that such programs will be available within the 40 year 
practice lifetimes of students who are now graduating from 
optometry schools. For those who doubt this, consider how many 
young people now use automatic teller machines at the bank instead 
of human tellers . 
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GLOSSARY 
Artificial Intelligence: The ability of a computer system to behave 
in a human-like manner. Specific application areas include robotics, 
machine vision, and expert systems. 
Domain Expert: A person who is regarded as an expert in the area of 
interest and whose expertise is translated to the expert system by 
the knowledge engineer. 
Decision Tree: A diagram showing the flow of logic that an expert 
system follows in reaching its decision . The limbs represent values 
of conditions; they branch at decision points. The fruit of the tree, 
at the very end of the branches, represents the possible outcomes of 
the decisions made along the branch. 
Expert Systems: Computer systems which can evaluate information 
and make decisions in a manner simulating a human expert. 
Example Based System: An ES in which the heuristics have been 
deduced by the program from examples of specific situations 
supplied by the system developer. 
Heuristics: The rules-of-thumb that a human expert or an expert 
system uses to make decisions. 
Inference Engine: A theoretical part of an expert system which 
makes decisions (conclusions, inferences) based on the input to the 
system and the knowledge in the system. 
Knowledge Base: Similar to a data base, the knowledge base is the 
expertise or knowledge used by an ES to make its decisions. 
Knowledge Domain: The particular field or area of expertise in 
which an ES or human expert operates. 
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Knowledge Engineer: A person who translates the expertise of a 
domain expert into an expert system. 
Rule Based System: An ES in which the knowledge base is supplied 
by the system developer in the form of lf ... Then rules. 
Shell: A commercially available computer program, initially not 
specific for any area of expertise, which can be converted into a 
customized expert system. 
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ABSTRACT: An expert system is a type of artificial intelligence 
program that "captures" the expertise of human experts. I show how to 
capture the expertise of three recently described triage systems, Trauma 
Scores, CRAMS and CRAMS with mechanism of injury, and how to 
construct a military triage system using a commercially available expert 
system, 1 stCLass. The advantages of using the expert system include 
simplicity of construction and operation, ease of comparison of different 
triage systems and modifiability of the finished system. An expert 
system for military triage has potential for use as real triage tool and in 
the education and evaluation of military emergency medical personnel. 
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medicine. 
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INTRODUCTION 
Before one can ask "what is artificial intelligence," one must 
understand human intelligence. This is not such a simple task. There are 
many types of human intelligence. Humans can manipulate physical 
objects in space to build things. This is craftsmanship and it qualifies, 
in its highest form, as intelligence. Humans can derive information from 
a visual scene, such as ink marks on a page of paper, so reading qualifies 
as intelligence. Humans can do certain things that only they are capable 
of doing. Arithmetic, composing music, playing chess, making medical 
diagnoses are just a few of the many examples of this sort of human 
intelligence. Humans that are very good at these uniquely human thing are 
called experts. 
Now there are computer programs available that can behave more or 
less intelligently in each one of the areas named above. Computer-
controlled machines, robots, are exacting craftsmen in a few areas of 
manufacturing. They can do some simple tasks over and over again very 
precisely, but that is only a lower sort of intelligence. Research is going 
on that will create a machine that converts writing to speech. Recently, 
computer programs have been made that simulate the behavior of a human 
expert as he behaves in his domain of expertise. Well known examples of 
such programs are chess players. 1 Another program, Macsyma, can do 
certain mathematics problems in analytical geometry and calculus.2 A 
number of programs have been developed to simulate the behavior of 
medical experts making diagnoses and managing the treatment of disease. 
These programs are called expert systems. 
An expert system (ES) is a computer program that "solves problems 
competently at an expert level in a particular domain ."3 It is able to do 
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this by using a set of heuristics. Heuristics is the set of rules of thumb 
the expert uses in the practice of his craft; it also applies to the use of 
such a set. Obviously, there are a lot of such rules and they can be quite 
complicated. Sometimes the heuristics can best be stated in the form of 
IF--THEN rules. Some heuristics are better represented as probabalistic 
connections between sets of inputs and outputs, as for instance, between 
the set of manifestations of a disease and the set of disease states. 
Whatever its form, expert systems allow the non-expert user of the 
system to have access to the expertise of the expert. 
An ES can be built for a number of reasons. ESs preserve rare, or 
about to become rare, expertise and disseminate expertise in a uniform 
manner. The program can even be put into battery operated computers for 
use in the field.4 As an aid to human experts, ES are useful in that they 
never forget to ask all the necessary questions, nor do they forget a 
diagnosis. Furthermore, ES can be very fast and can link to data bases.s 
Of course, these capabilities depend on the good design of the ES, and 
especially on the design of the user interface. 
ES are being used in business.6•7 A number of ES have been 
developed in medical domains but few are in use. The more complex 
nature of medical diagnosis together with other reasons have inhibited 
the widespread use of ES in the larger medical domains of knowledge. In 
limited medical knowledge domains, however, ES can prove quite useful. 
Medical ES are also useful in medical and medically-related education. 8 
An ES shell is an apt name for a type of program that allows an 
expert to construct an ES by himself. The first shells were initially 
designed as knowledge specific ES, after which the specific knowledge 
was extracted, leaving only the shell. For instance, MYCIN was developed 
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at Stanford University as a medical ES. EMYCIN ("E" for "empty") became 
the shell after the medical knowledge was extracted. Now any expert can 
put, after some practice, his knowledge into EMYCIN and come up with an 
new ES in a completely different knowledge domain. EMYCIN was used as 
a shell for PROJCON,9 an ES to aid software developers troubleshoot 
problem programs and for LITHO, 1 0 an ES that assists geologists in 
interpreting data from oil well log books. Further refinements allow the 
expert to define categories of input data to be used by the ES and then to 
simply input examples of real-world occurrences. The ES then assembles 
the data automatically for use "in the field" by the user. One such 
example-based ES shell is 1 stCiass®. 
In the remainder of the essay I will use 1 stCiass to construct a 
series of increasingly complex ESs for the triage of military medical 
patients. I will start with the Glasgow Coma Scale and increase the 
complexity of each successive triage system according to schema 
presented by various experts in triage. Then I will introduce into the 
triage system some uniquely military attributes. At each stage of 
development, I will show the advantages of using an example-based ES 
shell for the development of such a system. The product of this essay is 
not the resultant ES, since I am not a domain expert in triage, but rather 
the process of construction of such a system. 
METHODS 
1 stCLass® is an example-based ES she11. 11 Construction of an ES 
with this system consists of three steps. First the domain expert defines 
the set of all possible controlling "factors" and the set of all possible 
"results" or outcomes. Each factor can take a value which can be a 
number or a word. The system is flexible enough to allow factors, values 
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and results to be added or deleted later. The number of factors, values 
and results accepted by 1 stCiass is limited to respectively 31, 31 and 32. 
(1 stCiass has been superseded by an upgraded version that admits 
respectively 31, 127 and 127.) This is a difficulty usually only when the 
problem under consideration requires consideration of multiple outcomes. 
This can be overcome, however, by including combinations of outcomes. 
For instance, addition to outcomes A, 8, and C being listed as results, one 
might also list AB, AC, BC and ABC as results of the ES. 
The second step in the construction is the entering of examples by 
the "domain expert," the person expert in the problem's solution. These 
can be any examples in the knowledge domain that the expert chooses. 
The examples need not address only those factors defined for the ES in 
the definition phase since they can be easily added at this point. In fact, 
once a domain expert becomes proficient at using 1 stCLass, he can define 
the factors, values and results as he enters the examples. This is not 
recommended, however, as the definition phase forms a valuable 
framework from which to proceed. Similarly factors, values and results 
may be deleted by the domain expert. The domain expert can have missing 
data. 1 stCiass has a mechanism for handling the absent values of factors 
of examples. A result is, however, required for every example. 
All this flexibility makes 1 stCiass very easy to operate, so easy in 
fact, that one might wonder if a technician could enter examples without 
the consideration of a domain expert. That depends on the examples. The 
problem is that 1 stCiass is limited to 250 examples, so they must be 
chosen with care. If the domain expert has less than 250 examples there 
is no difficulty. If there are more than 250 examples, the domain expert 
must choose those that best characterize the thinking and decision 
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making that goes on in arriving at the results. These examples must also 
"span the space" to include most of the situations to be encountered in 
the problem at hand. 
This limitation on the number of examples is significant. If the 
problem requires all possible combinations of values of factors to be 
entered as examples, then the problem rapidly outstrips the capacity of 
1 stCiass. To see this consider the case of eight factors each admitting 
of only two values. There are then 28 = 256 total possible combination; 
this is more than the 250 examples 1 stCLass can handle. The problem has 
partial solutions as we shall see. In most problems, many combinations 
are not meaningful in the real world, but this does not relieve the expert 
of his responsibility of choosing the best, most characteristic set of 
them. 
The third step in the construction is to press a key and let the 
program arrange the data and construct the decision tree. It also 
computes various statistics about the examples. Clearly the hard work is 
done in step two. 
Before the actual building of an ES for triage, two warnings are in 
order. The first is that I am not an expert in emergency medicine. This 
will become obvious as the essay proceeds, but it is not a detriment to 
the exposition. My function here is to guide the domain expert through the 
development, to be a "knowledge engineer." The second warning is that 
the articles cited herein may not represent the same echelon of 
emergency medical care. For instance, a system of triage for use at a 
mass casualty site might have only two results: "Evacuate now to a 
trauma center" and "Hold here." A system for use at a point farther up 
the medical treatment system may have more and different triage 
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categories. One of the unique strengths of the using an ES for triage is 
the ease with which the systems can be modified to suit different 
echelons of emergency medical care. The examples that follow use the 
NATO triage categories.1 2 
Developement to an ES for Triage 
The Glasgow Coma Scale (GCS) forms the backbone on many triage 
systems. 13 The first ES, TRGES1, embodies the GCS. Figure 1 a depicts 
the outcome of the definition phase of ES development. There are three 
factors, with respectively 4, 5, and 6 values. Figure 1 b shows 5 
examples. Figure 1c shows the decision tree and the statistics for the 
last branch. The program generated these at a single keystroke . 
A study of example numbers 1 and 2 in figure 1 b is worth some 
time, as it will point up one of the significant advantages of an ES over 
other systems: the ES can give variable weights to each of the different 
factors . Both examples have a GCS score of 4, but the ES's expert has 
assigned them different results. These examples represent patients with 
very different emergency medical care needs. The ES is able to analyze 
such subtle differences in manifestations without any added 
computational effort on the part of the user. Subtle differences between 
cases do not get washed out by the ES analysis as they do with the 
numerical method of the usual GCS scoring system. This ability to assign 
results nonlinearly is one of the of the striking advantages of 1 stCiass 
and ES in general. 
The decision tree is also of some interest. It only contains two 
factors as decision points (always denoted by a final "??"), eye opening 
and motor movement. The reason speech didn't show up as a decision 
point is an outcome of the nature and small number of examples. With 
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more examples, an assessment of speech might very well have been 
necessary to sort out all the cases. Nevertheless, with the five 
particular examples used to generate the decision tree, speech was not a 
factor in assigning results. The non-appearance of a factor as a decision 
point in the tree means that it was not used in making any of the 
decisions. The ability to analyze factors in this way is a powerful tool 
that can allow one to design, using a large number of and variety of 
examples, the most efficient triage system. 
A user such as a medical technician with a patient to be evaluated, 
would go to the "Advisor" section of 1 stCiass. In this subroutine, the 
computer program queries the user about the significant factors of the 
patient's case. It does so in order of importance of factors as defined by 
the previously generated decision tree. The program follows the decision 
tree down one branch to the end result. Since the decision tree is a 
representation of the knowledge of a medical trauma expert, the result 
reached by following the proper decision tree path will be the same as 
the result reached by an on-site medical trauma expert. Indeed, this is 
one of the raisons de etre of ES: the inexpensive and uniform 
dissemination of expertise. Figure 1 d shows the "Advisor's" advice of a 
patient who showed spontaneous eye opening and purposeful motor 
movements. 
Some advantages of TRGES1 can readily be seen. It is extremely 
fast; when the patient is assessed by a medical technician and the data 
entered by a medical records technician, the "Advisor" scores the patient 
at least as fast as the Glasgow Coma Scale can be scored. And there is no 
possibility of an addition error with the ES. Since upgraded versions of 
1 stCiass can import data from large databases, this scheme of triage can 
AN EXPERT SYSTEM FOR MILITARY TRIAGE 10 
be integrated into electronic patient records systems. Furthermore, 
1 stCiass requires only 1 disk drive and 256K RAM, so it could be used on a 
lap-top, battery-operated computer. These ideas of integration and 
portability have been suggested for other systems. 
The next example is the enlargement of TRGES1 to include the 
factors of the system proposed by Champion et a1. 14 It is remarkably 
easy to do so. The new ES is called TRGES2. To the three GCS factors and 
their values are added four new factors, respiratory rate, respiratory 
effort, systolic blood pressure and circulation at capillaries with 
respectively 5, 3, 5 and 3 new values. Figure 2a shows these new 
definitions and corresponds to figure 1 a in the definition of TRGES1. 
Just as the triage system given in Champion et al. is more complex 
than the Glasgow Coma Scale, so too is TRGES2 more complex than 
TRGES1. This increased complexity requires more input data. Figure 2b 
shows how the examples of TRGES1 were expanded for TRGES2. Note that 
the right-most three factors of all five examples in figure 2b are the 
same as those in figure 1 b. Figure 2c shows the new decision tree. 
Notice that the decisions of TRGES2 depend only on two of the new 
factors, respiratory rate and systolic blood pressure, not found in 
TRGES1. Again, it must be emphasized that the system's decision making 
ability as depicted by the decision tree is dependent on the examples 
given it by the domain expert. 
D. B. Adams describes the CRAMS scale devised by Gormican.15 This 
has been shown to be an effective system of triage for use on a casualty 
receiving treatment ship. The CRAMS scale can be easily represented as 
an expert system by 1 stCiass. TRGES3 is that system. TRGES3 builds on 
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TRGES2 by the addition of a single factor, abdomen/chest with 3 values 
as shown in figure 3a. 
The CRAMS scale is not properly an extension of the Trauma Scores 
system of Champion, et al. as it does not does not use all the same 
factors as the latter system. CRAMS does not include GCSeye, nor does it 
incorporate the simultaneous input of both respiratory rate with 
respiratory effort not of both systolic blood pressure with circulation 
at the capillaries. This potential difficulty disappears in the face of a 
valuable feature of 1 stCiass; it allows missing information to be 
neglected when the examples are input into the system. Figure 3b shows 
the missing data as asterisks. Every one of the five examples has an 
asterisk denoting missing data in the GCS eye movement just as every 
example has an asterisk in either respiratory rate or respiratory effort 
and in either systolic blood pressure or circulation at the capillaries. 
Figure 3c shows the decision tree derived from the examples. It turns out 
that the new factor abdomen/chest that the CRAMS scale added to the 
Trauma Scores system of Champion et al. is one of the two decision 
points in TRGES3. 
Knudson et al. modified the CRAMS scale by the addition of a single 
factor, the mechanism of injury. 16 When translated to an ES by 1 stCiass 
as TRGES4, the new factor has five values Figure 4a shows the new 
factor and its values. 
Military Modifications to the ES for Triage 
TRGES4 is the first point at which I introduce specifically military 
aspects into the system. This is done by adding specifically military 
values to the mechanism of injury. For this demonstration, two new 
values are added, major crush and major concussion. Figure 4aMIL shows 
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this modification. Figure 4b shows the values of this new factor added to 
the examples. Figure 4c shows that the new factor was a decision point 
in the decision tree. The use of the extensive patient data of Knudson et 
al. as examples for TRGES4 would give a decision tree that would also 
include the new factor as a decision point. 
The main military modifications to be incorporated into the triage 
system system consist of two areas that are generally peculiar to 
military triage. The first area consists of the nuclear and chemical 
warfare situation, while the second pair of additional factors will 
address the supply status and evacuation capability of the triaging unit. 
Defining the factors and values of the nuclear and chemical 
situations is the difficult part of continuation. The reader will agree 
that inserting these factors into 1 stCLass is child's play compared to 
properly defining them. Until these factors and their values can be 
specified by qualified military medical experts, I will restrict these 
factors to one each for nuclear and chemical considerations. 
Poisoning by chemical warfare agent(s) alone can cause a combat 
casualty and can complicate the treatment of a patient wounded by other 
means. 17 Contamination of the patient's equipment and clothing even 
without poisoning of the patient complicates and delays treatment. 
Atropine and similar antidotes for nerve agent poisoning can conceivably 
cause a casualty when mistakenly administered without the actual nerve 
agent challenge. The factor Chemical and its eight values are shown in 
figure Sa while the values are defined below. 
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Chemical 
No effect 
ContamOnly 
AtroPoisn 
NervePoisn 
BloodAgPoisn 
ChokeAgPoisn 
MustardPoisn 
PsychAgPoisn 
no chemical contamination nor poisoning 
patient is only contaminated and not poisoned 
evidence of Atropine poisoning without nerve 
agent challenge 
non-lethal nerve agent poisoning signs 
non-lethal blood agent poisoning signs 
non-lethal choking agent poisoning signs 
non-lethal mustard agent poisoning signs 
evidence of hallucinogenic agent poisoning 
Figures 5b and 5c are respectively the examples and the decision tree. 
Note that example six's values changed for the better despite the patient 
being poisoned by psychotropic agent. 
The factor Nuclear offers some of the same complexities as the 
previous factor. 18 Patient contamination without poisoning is less of a 
complication for treatment so its value is omitted in this factor. Nuclear 
and its four values are shown in figure 6a while the values are defined 
below. 
Nuclear 
none subclinical manifestations or personal dose 
evidence of ::;1 00 rads 
LowHem nausea, fatigue of duration ::;24 hrs, onset 3-6 
hrs after exposure or personal dose evidence 
of 100-200 rads 
MedHem nausea, fatigue of duration ~24 hrs, onset 1-3 
hrs after exposure or perhaps chills, fever, 
sore throat, epilation, or personal dose of 
200-500 rads 
HiHemGiCnsnausea, fatigue, diarrhea of duration < 2 days, 
onset 1 hr after exposure or perhaps chills, fever, 
sore throat, epilation, convulsions or dose of ~ 500 rads 
Figures 6b and 6c are the examples and the decision tree. Note that 
example 6 represents a patient who is only slightly wounded by 
conventional means yet nevertheless is assessed as Expectant because of 
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the value "HiHemoGiCns" he scores on Nuclear. The radiological 
measures are mostly for didactic purposes; I do not believe a wounded 
soldier awaiting medical treatment will always have his own dosimeter 
available for reading by medical personnel. 
The next two military specific factors pertain not to the patient's 
status but to the situation of the medical treatment facility doing the 
triage. These two factors are related . The supply situation is influenced 
by the evacuation situation because patient transport vehicles from 
higher echelons bring supplies to the triaging unit. Both factors are 
influenced by the tactical air combat situation, ground transportation 
situation, terrain and weather. 
The evacuation capability of modern military medical 
organizations contains both ground and air (helicopter) patient assets. 
Even in peacetime, either of these evacuation methods can be 
compromised, by mud, icy roads or grid-lock in the case of ground 
transport, and by wind, fog, rain or snow in the case of air transport. A 
reasonable first approximation of the values for the factor appear below 
Evacuation is given as: 
Evacuation 
Some ground, Some air 
Some ground, No air 
No ground, Some air 
No ground, No air 
The supply situation factor and its values is: 
Supply 
No Restrict resupply ordering and transportation occur 
immediately upon receipt of requests 
1 day Delay for resupply of heavily used items 
<1 wkDelay for resupply of heavily used items 
> 1 wkDelay for resupply of heavily used items 
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If the using medical unit selects the supply factor's value, it would do so 
only by consideration of local transportation capabilities and not on 
availability of medical supplies within the theater of operations . A 
higher command, on the other hand, would have better knowledge of the 
availabilities of medical supplies throughout the theater, and could also 
include consideration of this if it were to select the value for the supply 
factor instead of the using unit. 
Since the supply and evacuation situations would not in practice 
change faster than the the software of an expert system can be loaded 
into the computer, these two factors could remain external to the expert 
system. That means that a different expert system would have to be built 
for each combination of values of supply and evacuation. With the factors 
external to the systems, the each combination would have a distinctive 
file-name, some of which are listed as follows: 
System Name 
TRGE1S1 
TRGE1S2 
TRGE2S1 
TRGE2S2 
TRGE1S3 
etc .... 
Evacuation 
some ground, some air 
some ground, some air 
some ground, no air 
some ground, no air 
some ground, some air 
NoRestric 
1 day delay 
NoRestric 
1 day delay 
<1wk delay 
Having these factors external to the systems would allow 
development of triage systems particular to the specific supply and 
evacuation situations without taxing the 250 example limits of software. 
It would mean a lot more work to build the many systems and thus 
increase development time. 
Having these factors internal to the sytem would add factors to the 
system as pictured in figure 7a. Note that in figure 7c the factor Supply 
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is a decision point. The decision of internal or external inclusion of these 
factors is deferred. 
DISCUSSION 
Neither expert systems nor the related class of programs, computerized 
algorithms, are new to emergency medicine. Although not a triage 
system, an expert system has been developed to simulate an expert ACLS 
decision maker .19 A computerized algorithm directed system has been 
for triage in the emergency room of an Army hospital.20 Both systems 
were successful performers in their areas of expertise and therefore 
potentially useful tools of emergency medicine. Neither system 
addressed specifically military considerations that might arise on the 
battlefield. 
This essay showed how to develop a military triage system based on 
civilian systems by employing a commercially available expert system 
shell, 1 stCLass. The example systems described here demonstrated the 
simplicity of construction and ease of operation of an expert system for 
military triage. The ability of the expert system software itself to 
derive decision trees is an invaluable tool for comparing different 
experts's triage systems. The finished product can be easily modified to 
conform to new medical techniques and practices, unusual situations and 
even user experience. Such an expert system has potential for use as a 
real triage tool and in the education and evaluation of military medical 
personnel. 
The importance of triage in emergency medicine is well known. 21 
An expert system for military triage will provide a useful new tool in 
this field of medicine. 
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FIGURE 1d 
Result's example: 1 
Result probability: 0.20 
Result weight: 1.00 
Sample run of the "Advisor" of TRGES1. 
The systems asks, "Eye opening is:" 
User response is: Spontaneous 
The systems asks, "Motor response to pain is:" 
User response is: Puposeful movements 
Example: 5 
Relative probability: 1.00 
Average weight: 1.00 
The system responds with: "Triage this patient as: Minimal." 
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FIGURE 7a 
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ABSTRACT 
Glaucomatous visual field changes were defined for a 34-point 
model of the right eye visual field. Glaucomatous field defects were 
defined for a central visual field represented in a commercially 
available neural network expert system shell, NeuroShell®. Sample 
cases of glaucomatous and non-glaucomatous visual fields were 
input into the expert system. The system initially learned to 
recognize single lesions, but failed to recognize glaucomatous 
lesions superimposed on non-glaucomatous ones. After re-exposure 
to combinations of these failed double lesion cases it learned to 
correctly recognize them. It generalized the learning from the 
double lesion cases to correctly recognize triple lesion cases, i.e., 
glaucomatous superimposed on two other non-glaucomatous ones. 
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INTRODUCTION 
The study of pattern recognition by machines started with the 
work of Minsky and Papert.1 Their work set down the first 
definitions and goals of the science of pattern recognition by 
machines.1 ,2 They made significant discoveries, in many cases 
about the limitations of the systems they were studying.3 
More recently, expert systems have been used for the 
interpretation of graphical data such as CT scans,4 EEGs and EOGs,5 
and Aural Evoked Potentials.6 In these systems, program designers 
used the expertise of human experts to evaluate aspects of the 
graphical data. The program designers made systems that required a 
human, though not an expert, to break down the graphical data into 
computer recognizable form. Once this data was input into the 
computer, the expert system program analyzed the machine-coded 
data and interpreted its significance for the user. These systems 
still required a human, though not an expert, to convert the graphical 
data into machine recognizable form. 
Recognition of glaucomatous visual field defects can be aided 
by newly developed statistical sampling techniques. Statistical 
sampling of points of the visual field has led to algorithms that can 
intelligently distinguish some glaucomatous visual fields from non-
glaucomatous ones. Kosoko et al. found that having 17 or more 
defects anywhere in the 120 point full-threshold Humphrey 
screening visual field is highly associated with glaucoma.? Somer 
et al. found that differences in certain symmetrically positioned 
regions of a Humphrey 30-2 visual field were highly associated with 
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glaucoma.8 These statistical methods are very useful tools for the 
human expert to use in recognizing a glaucomatous visual field. 
The ultimate goal of medical automation is to exclude human 
action and thought from both data gathering and data analysis. With 
an automated glaucomatous visual field detection system, the data 
from the patient would be passed directly from the automated data 
gathering device, the automated perimeter, to the automated data 
analysis device, a computer running the glaucomatous field defect 
recognizing expert system, for interpretation. There would be no 
human, neither expert nor non-expert, in the loop. This study was a 
first step toward automating the decision making process of 
recognizing glaucomatous visual field defects. Specifically, it 
demonstrated two things: how visual field data can be represented 
for use by a neural-network expert system, and how such a neural-
network expert system would go about learning to recognized 
glaucomatous visual field defects. 
METHOD 
NeuroShell® is a commercially available expert system from 
Ward Systems Group.9, 10 This program is one of a class of 
computer programs that simulate the way networks of neurons learn 
to respond to outside stimuli. Neural networks process information 
in parallel, but this program is a simulation of that parallel 
processing for use on IBM desk-top computers. While most neural 
network programs in use today are experimental tools for 
researchers trying to model brain functioning, this program has been 
configured as an expert system shell. It allows the program 
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designer to use neural network technology for his or her own 
application. 
Using NeuroShell is a four step process. First, the program 
designer defines the input and output characteristics along with the 
ranges for each. In the analog version of NeuroShell, the one used in 
this study, the characteristics are numbers that can take any value 
between the minimum and the maximum values defined by the 
program designer. The number of characteristics allowed by the 
program can be quite large, but the manual recommends that only 
those characteristics that may be pertinent to the problem should be 
included. As an example, consider a program for weather prediction. 
The input characteristics might include today's temperature, 
barometric pressure, humidity and a numeric assessment of the 
relative cloudiness. The output characteristics might include 
tomorrow's probability of rain, of snow and of cloudiness. 
In the second step, the program designer inputs into NeuroShell 
a number of learning cases. These cases are sets of associated input 
and output characteristics. The learning cases can be historical 
records, combinations of input/output characteristics that are 
known to have been valid or even cases of input/output 
characteristics contrived by human experts. For instance, in our 
weather prediction example, the learning cases would consist of a 
number of historical records, that is, many sets of a day's weather 
(input characteristics) associated with what the next day's weather 
was like (output characteristics.) 
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In the third phase, the expert system learns from the learning 
cases input into it in the second phase. This is done entirely by the 
computer, but it may take some time, depending on the amount and 
complexity of the data. It is here that NeuroShell establishes 
connections between the input characteristics and the output 
characteristics. For example, the probability of rain or the 
probability of snow may be very dependent on humidity and pressure, 
somewhat dependent on temperature but on ly slightly dependent on 
cloudiness . 
In the fourth and final phase, the user puts the knowledge that 
NeuroShell has gained from the learning cases in phase three to use. 
The user queries the expert system with the input characteristics of 
test cases and the system provides those output characteristics 
that best match them, according to the connections it established 
between the learning cases' input and output characteristics in 
phase three. In the example, the user would input today's 
temperature, humidity, pressure and cloudiness, and the expert 
system would output tomorrow's probability of rain, snow and 
cloudiness. 
In phase one of the present study, the program designer defined 
the input and output characteristics of the glaucomatous field 
defect recognition system. In order to do this, a model of a visual 
field was constructed first. A central visual field of the right eye 
was defined consisting of 34 points. The positions of these points 
did not conform to the positions of points of any particular 
automated perimeter, rather they were an interpolation of the 
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central fields from a number of different automated perimeters. 
See FIGURE 1. Some points were positioned on either side of the 
vertical midline and some were positioned on either side of the 
horizontal midline, in particular in the nasal area. A method of 
scoring field defects was defined such that a value of twenty 
represented an absolute scotoma, while a value of zero represented 
a point of normal sensitivity. Again, this did not conform to any 
particular automated perimeter, but values were in the general 
range currently used. 
Visual field defects defined as "glaucomatous" consisted of 
combinations of at most three types: paracentral scotomata, nasal 
steps, and/or Bjerrum scotomata. A paracentral scotoma was 
indicated by a defect depth greater than 4 in any of the designated 
points: 3, 4, 20, 21, 11, 12, 29, 30. See FIGURE 2. A nasal step was 
indicated by differences greater than 5 in the values of points 18 
and 19 compared to 27 and 28. See FIGURE 3. A Bjerrum or arcuate 
scotoma was indicated by non-zero scores in either the top (3, 4, 20, 
21, 18, 19) or bottom (11, 12, 27, 28, 29, 30) Bjerrum areas. Other 
defects, for instance a temporal "wedge" type depression 
sometimes seen in a real-world glaucomatous visual field, were not 
considered to be glaucomatous for the purposes of this study. 
Neither were the general depressions sometimes seen in real-world 
glaucoma. 
A single output characteristic was defined, which represented 
the probability that the visual field under consideration was 
glaucomatous. It took values between zero, representing a certainly 
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non-glaucomatous visual field, to 100, representing a certainly 
glaucomatous one. When the expert system was used to classify 
test cases, values greater than 50 indicated glaucomatous fields, 
while values less than 50 indicated non-glaucomatous fields. 
In phase two of the present study, the program designer 
defined 53 glaucomatous learning cases with output values 
(representing glaucoma field defect probabilities) of at least 80 and 
88 non-glaucomatous learning cases with output values of at most 1. 
See APPENDICES 1 and 2. While there were only a handful of points 
in the visual field that were involved in glaucomatous defects, the 
relatively large number of glaucomatous field learning cases was 
necessary in order to provide a reasonable set of these points on 
which the system could learn. Similarly, the 88 non-glaucomatous 
field learning cases provided a set of non-glaucomatous cases. 
Experience gained in developing earlier applications of NeuroShell 
indicated that the system needed to learn on at least as many non-
glaucomatous cases as glaucomatous ones. 
In phase three of the present study, the expert system learned 
from the cases input by the program designer in phase two. During 
phase three, the machine did all the work; it ran continuously for 
thirty hours on an IBM AT. 
RESULTS 
Phase four of the present study was the classification phase 
in which the user queried the expert system about previously unseen 
visual fields. From the learning it gained from the learning cases, 
the expert system assigned a probability of being glaucomatous, to 
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each test visual field. Sixteen test visual fields cases were 
analyzed by the system. See APPENDIX 3. For all cases representing 
single lesions, whether glaucomatous or non-glaucomatous, the 
expert system correctly recognized the visual fields. However, it 
failed to recognize as glaucomatous test cases in which a 
glaucomatous lesion was superimposed on a non-glaucomatous one. 
Test case 14 combined a glaucomatous field defect with a 
generalized field depression, while test case 16 combined a 
glaucomatous field defect with a central scotoma. In both cases, a 
glaucomatous lesion was superimposed on a non-glaucomatous type, 
and the system failed to correctly recognize them as glaucomatous 
To teach the system to learn from its previous errors, phases 
two and three were repeated with combinations of double lesion 
learning cases. To accomplish this, 64 new learning cases were 
added to the learning set. See APPENDIX 4. These new cases 
represented those types of combined glaucomatous and non-
glaucomatous visual field defects that the first system missed. 
Again, various combinations of these double lesions were added. 
The program designer was able to take advantage of a novel 
feature of parallel systems called graceful degradation. This 
permitted the addition of the new learning cases to the old system 
without having to relearn all the cases from the beginning. The 
system learned these new case in less than 20 hours. 
The double lesion test cases previously not recognized by the 
old expert system were all correctly identified by the expert system 
with the new learning. See APPENDIX 5. In addition, the triple 
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lesion of a glaucomatous field defect with a generalized field 
depression and a central scotoma, test case 17, was correctly 
identified as glaucomatous. So, too, was the triple lesion test case 
18 of a glaucomatous Bjerrum scotoma, general depression and "pie 
on the floor" scotoma. The expert system generalized the learning it 
accomplished on the double lesion learning cases to recognize these 
triple lesions. This was rather surprisingly, since there was no 
learning case representing a triple lesion. The system also 
correctly recognized the triple lesion with a two point central 
scotoma, test case 19. The expert system generalized to this result, 
as there was no learning case representing a two point central 
scotoma. 
DISCUSSION 
The current study demonstrated that visual field data can be 
represented for use by a neural-network expert system, NeuroShell. 
It demonstrated that such a neural-network expert system could 
learn to recognized glaucomatous visual field defects and even to 
extend its learning to be able to recognized types of glaucomatous 
visual field defects on which it did not specifically learn. 
This study was an application of machine pattern recognition 
to a ophthalmologic problem. It was the first step in the process of 
developing an automated glaucomatous visual field defect 
recognition system. In the future, such an automated visual field 
defect recognition system will be a part of a larger expert system 
to automatically diagnose glaucoma. Input characteristics of such a 
diagnostic expert system might include the following numeric 
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values: the probability of the visual field being glaucomatous, the 
probability that the cups show glaucomatous changes (This could be 
automated using a Scanning Laser Ophthalmoscope to gather the data 
and a "machine vision" system such as KB Vision® to evaluate and 
interpret it.11 -13), the diurnally weighted lOP values and other 
information. What this other information will be remains to be 
seen, but it might include numbers derived by other expert systems 
that interpret nerve fibre layer dropout, 1 4 flicker fusion frequency 
abnormalities, 1 5 contrast sensitivity changes, 16 and color vision 
distu rbances. 17 ' 1 8 New tests will be readily incorporated into the 
greater glaucoma diagnosis expert system. 
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APPENDIX 1. The 53 glaucomatous visual fields input by the expert 
were: 
Field # 
1 
2 
3 
4 
5 
6 
7 
8 
9 
1 0 
1 1 
12 
1 3 
14 
1 5 
1 6 
1 7 
1 8 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
Point:value; otherwise value = 0 
20:15 
29:15 
3:15 
11 :1 5 
3:12; 20:13 
11:12; 29:13 
3:14; 4:16 
11:14; 12:16 
20:13; 21:14 
29:13; 30:14 
21:12; 20:13; 3:15 
30:12; 29:13 
3,4:14; 20:15 
11,12:14; 29:15 
3,20 :14; 4,21 :15 
11 ,29:14; 12,30:15 
19:14;18:16 
28:14; 27:16 
21:15; 18,19:16 
30:15; 27,28:16 
18,19,20,21:16 
27,28,29,30:16 
3;14; 18,19,20,21:15 
11 :14; 27,28,29,30:15 
3,4,20:15; 21:16; 18,19:17 
9,10,29:15; 30:16; 27,28:17 
20:17 
29:17 
3:14 
11 :15 
18:13; 19:15 
27:13; 28:15 
20:6; 3:7 
11,29:6 
3:6; 4:7 
11,12:6 
Probability 
80 
80 
80 
80 
95 
95 
95 
95 
93 
93 
98 
95 
98 
98 
99 
98 
92 
92 
95 
95 
95 
95 
98 
98 
99 
99 
80 
80 
80 
80 
92 
92 
90 
90 
90 
90 
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37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
20:6; 21:7 
29,30:6 
3,20,21 :6 
11,29,30:6 
3,4:6; 20:7 
3,4,20,21 :6 
11,12, 29,30:6 
27,28:5; 18,19:15 
18,19:5; 27,28:15 
27 ,28:5; 18,19,21 :15 
18,19 :5; 27,28,30:15 
27,28:5; 18,19,20,21:15 
18,19:5; 27,28,29,30:15 
27,28:5; 3,18,19,20,21:15 
18,19:5; 11,27,28,29,30 :15 
27,28:5; 3,4,18,19,21 :15 
18,19:5; 11 ,12,27,28,29,30:15 
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90 
90 
90 
90 
90 
90 
90 
90 
90 
98 
98 
98 
98 
98 
98 
98 
98 
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APPENDIX 2. The 96 non-glaucomatous visual fields input by the 
expert were: 
Field # 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 
66 
67 
68 
69 
70 
71 
72 
73 
74 
75 
76 
77 
78 
79 
80 
81 
82 
83 
84 
85 
86 
87 
88 
Point:value; otherwise value = 0 
10:15 
26:16 
17:15 
6,7,8,23,24,25:15 
3,4,5,20,21 ,22:15 
1,2,17,18,19:15 
11 '12, 13,29,30,31 :15 
9,1 0,26,27,28:15 
14:14; 15:15; 32:15; 33:16; 34:17 
17,20,23,26,29,32:15 
18,21 ,24,27 ,30,33:15 
19,22,25,28,31,34:15 
1 ,3,6,9,14:15 
2,4,7,10,12,15:15 
5,8,13,16:15 
20,21 ,23,24:15 
3,4,6,7:15 
29,30,32,33:15 
11,12,14,15:15 
1,9,17,26:15 
1,2,9,10:15 
17,18,26,27:15 
15,20-25:15 
3-8:15 
29-34:15 
11-16:15 
1 ,2:15; 3,4:16 
17,18,20,21 :15 
9-12:15 
26,27,29,30:15 
1-4,9,10:15 
1,2,9-12:15 
17,26,30:15; 16,18,29:16 
17,18,20,21 ,23,24, :15 
3,4,20,21 ,23,24:15 
Probability 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
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89 
90 
91 
92 
93 
94 
95 
96 
97 
98 
99 
100 
1 01 
102 
103 
104 
105 
106 
107 
108 
109 
1 1 0 
1 1 1 
11 2 
113 
114 
11 5 
116 
11 7 
118 
1 1 9 
120 
1 21 
122 
123 
124 
125 
126 
127 
128 
129 
130 
11,14,29,30,32,33:15 
3,4,6,7,20,23:15 
11 '12, 14,15,29,32:15 
1,26:16 
aii:O (no defects) 
aii:O (no defects) 
aii:O (no defects) 
all :0 (no defects) 
aii:O (no defects) 
all :0 (no defects) 
aii:O (no defects) 
aii:O (no defects) 
all :0 (no defects) 
aii:O (no defects) 
17-27:15 
26-34:15 
1-8:1 5 
9-16:15 
17-34:15 
1-16:15 
1-8,17-25:15 
9-16,28:15 
5-8,20-25:15 
11-16,29-34:15 
1-34:1 
1-34:1 
1-34:1 
1-34:2 
1-34:2 
8:2 
22:2 
25:2 
34:2 
16:2 
34:15 
33:15 
32:15 
31 :15 
16:15 
15:15 
14:15 
13:15 
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1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
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1 31 8:15 1 
132 7:15 1 
133 6:15 1 
134 5:15 1 
135 25:15 1 
136 24:15 1 
137 23:15 1 
138 22:15 1 
139 1 :15 1 
140 2:15 1 
1 41 9:15 1 
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APPENDIX 3. The 30 test visual fields of unknown type are given 
below. The program determined the probability of being 
glaucomatous for each field. A probability value of ~50 is 
arbitrarily considered to be glaucomatous. Point, point, :value; 
otherwise value = 0. 
Test Case # Field Type Probability Recognized 
1 3,4,20 :5 Bjerrum scotoma 81 .23 yes 
2 9,26:5 central defect 0.00 yes 
3 3,5,7,15:5 random 7.07 yes 
4 4:6 paracentral scotama 71 ,4 7 yes 
5 1 -8:5 "pie in the sky" 0 .48 yes 
6 17-25:5;26-34:6 hemianopsia .66 yes 
7 3,4,20,21,6-8,23-25:9 altitudinal .86 yes 
8 all 0 normal field 1 .48 yes 
9 9-16:9 quadranopsia 0.00 yes 
1 0 27:6;28:4 nasal step 54.22 yes 
11 27,28:5 nasal step 54.77 yes 
1 2 27,28:4 not deep enuf for nasal step 44.32 yes 
1 3 all 2 general depression 0.00 yes 
1 4 all 2, but 2,4,20:10 Bjerrum AND gen depr 0 .00 no 
1 5 1 :10 central defect 4 .95 yes 
1 6 1 ,3,4,20:1 0 Bjerrrum AND central 2 .26 no 
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APPENDIX 4 
These learning cases were added to the old system. 
Case# 
142 
143 
144 
145 
146 
147 
148 
149 
150 
1 51 
152 
153 
154 
155 
156 
157 
158 
159 
160 
1 61 
162 
163 
164 
165 
166 
167 
168 
169 
170 
1 71 
172 
173 
174 
175 
176 
all 2, but 3,4:8 
all 2, but 11,12:8 
all 2, but 3,20:8 
all 2, but 11 ,29:8 
all 2, but 20,21 :8 
all 2, but 29,30:8 
all 2, but 3,4,20:8 
all 2, but 11,12,29:8 
all 2, but 3,20,21:8 
all 2, but 11,29,30:8 
all 2, but 18,19:8 
all 2, but 27,28:8 
all 2, but 18:7; 28:11 
all 2, but 27:7; 28:11 
all 2, but 18:11 ;19:7 
all 2, but 27:11; 28:7 
1,3,4:8 
1,11,12:8 
1,3,20:8 
1,11,29:8 
1,20,21:8 
1 ,29 ,30:8 
1 ,3,4,20 :8 
1,11,12,29:8 
1 ,3,20,21 :8 
1,11,29,30:8 
1,18,19:8 
1,27,28:8 
9,3,4:8 
9,11,12:8 
9,3,20 :8 
9,11,29:8 
9,20,21 :8 
9,29,30:8 
9,3,4,20:8 
Probability 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
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177 
178 
179 
180 
1 81 
182 
183 
184 
185 
186 
187 
188 
189 
190 
1 91 
192 
193 
194 
195 
196 
197 
198 
199 
200 
201 
202 
203 
204 
205 
9,11,12,29:8 
9,3,20,21 :8 
9,11,29,30:8 
9,18,19:8 
9,27,28:8 
17,3,4:8 
17,11,12:8 
17,3,20:8 
17,11,29:8 
17,20,21 :8 
17,29,30:8 
17,3,4,20:8 
17,11 '12,29:8 
17,3,20;21 :8 
17,11,29,30:8 
17,18,19:8 
17,27,28:8 
26,3,4:8 
26,11,12:8 
26,3,20:8 
26,11,29:8 
26,20,21 :8 
26,29,30:8 
26,3,4,20:8 
26,11,12,29:8 
26,3,20,21:8 
26,11,29,30:8 
26,18,19:8 
26,27,28:8 
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90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
90 
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APPENDIX 5. 
The test cases 13-16 of APPENDIX3 after the system has learned 
from its past recognition errors. Note that cases 14 and 16 
representing glaucomatous and nonglaucomatous lesions are now 
correctly recognized. Cases 17-19 are new and represent triple 
lesion visual fields . They were correctly recognized as 
glaucomatous. 
Test Case # 
1 3 
1 4 
1 5 
1 6 
17 
1 8 
all 2 
all 2, but 3,4,20:10 
1 :1 0 
1 ,3,4,20:1 0 
all 1 ,but 1 ,3,4,20:1 0 
all 1, 3,4,9-16,20:9 
Field Type Probability Recognized 
general depression 5.44 
Bjerrum AND gen depr 93.80 
central defect 1.13 
Bjerrrum AND central 89.76 
Bjerr/centr/gen depr 92.63 
Bjerr/pie, floor/gen dep91 .29 
yes 
yes 
yes 
yes 
yes 
yes 
1 9 all 1 ,but1 ,3,4,9,26:1 0 Bjerr/centr/gen depr 91.99 yes 
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ABSTRACT 
Using the commercially available shell programs NeuroShell 
and EXSYS, example-based and rule-based expert computer systems 
were developed to demonstrate how such systems could be taught to 
predict distance refractive corrections. The NeuroShell system was 
taught to prescribe sphere and cylinder powers for low refractive 
error myopes by providing 120 example cases. These cases included 
all refractive data (21 points, history, etc) gathered by optometry 
students and final lens prescriptions given by experienced 
optometrists. . The system predicted sphere and cylinder corrections 
for 60 eyes of 30 test patients within 0.25 diopter of the actual 
powers prescribed 60 and 77% of the time, respectively. Other 
NeuroShell expert systems were developed by providing subsets of 
each patient's input data. When the system learned with only the 
chief complaint, habitual prescription and acuity through the 
habitual, and best refraction with resulting acuity, the system 
predicted sphere and cylinder powers within 0.25 diopter 97 and 98% 
of the time, respectively. These results suggested that the rules 
used by experienced optometrists to prescribe for low myopes were 
not complex, therefore rule-based expert systems were constructed 
using the EXSYS shell. With a set of only three rules, the EXSYS 
system predicted sphere powers within 0.25 diopter of the 
prescribed powers for 100% for the 60 test eyes. Results with 
these simple refractive problems indicate that teaching expert 
computer systems to prescribe ophthalmic lens corrections is 
feasible and suggest that systems designed to prescribe for more 
complex patient populations could be constructed. 
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KEYWORDS 
Refraction, expert system, artificial intelligence, optometry, eye 
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neural network 
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INTRODUCTION 
Expert systems (ESs) are computer programs that use 
artificial intelligence (AI) to make decisions in a manner simulating 
the behavior of a human expert. 1-12 An ES is able to learn from 
information provided to it and can apply its knowledge to novel 
situations or problems. It is the ability of ESs to make decisions 
about cases not previously encountered that makes them such 
extremely powerful tools. 
Current applications of ESs range from control of complex 
industrial processes, such as blast furnaces, 13 to business and 
medical applications. In the business field, an ES has been developed 
for American Express to aid in making credit decisions,14 and the 
Digital Equipment Corporation (DEC) uses an ES to help in processing 
new orders.15-1l The DEC ES was developed at a cost of about 
$1 00,000 but it is now estimated to save the company at least 
$70,000,000 per year. ESs can be expensive and time consuming to 
develop, but they can also pay big dividends for those who make 
appropriate use of them. 
In the medical field, ESs have been developed for many 
applications 18 including selection of the proper therapy for patients 
with systemic infections (MYCIN), 19-21 diagnosing internal 
diseases (INTERNIST),22-25 treatment of penetrating abdominal 
injuries,26 and psychotherapy (ELISA,27•28 Methuselah,29 and 
SEXPERT30). There are also several ophthalmological ESs including 
OCULAR HERPES MODEL,31 which aids in the selection of drug 
therapies for herpes, CASNET/GLAUCOMA32,33 and PADI-HAA,34 
which are used for the diagnosis and treatment of glaucoma, and 
STRABDIAG35 which is designed to aid in the diagnosis of 
strabismus. 
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Could expert systems have optometric applications, and, if so, 
how might such tools be used? There are currently few, if any, ESs 
available for optometric use. Madsen et a136 have reviewed the 
economic and other reasons for this, but they also discussed the 
possibility that a relatively simple ES could be developed that would 
analyze refractive data and prescribe spectacle corrections. Such a 
program could accept input data from a refraction (phorometry, 
history, 21 points, etc) performed by an optometrist (or a skilled 
technician) and produce sphere and cylinder powers for a wearable 
lens prescription. 
To determine the feasibility of Madsen et al's suggestion, the 
ESs described in this paper were constructed. The primary goal of 
the project was to demonstrate that ESs could use refraction data to 
produce lens prescriptions similar to those given by optometric 
experts. To increase the probability of success for these initial 
demonstration ESs, two simplifying assumptions were made. First, 
the refractive cases considered by the ESs were limited to young, 
low power myopes with no near problems, and, second, only sphere 
and cylinder dioptric portions of the prescriptions were considered. 
If ESs could not be made to work even with these severe limitations, 
they would have little use for optometric prescribing. However, 
success with these simple cases would suggest that advanced ESs 
could be developed for more complex and challenging patient 
problems. 
Assuming that ESs could be taught to prescribe for simple 
myopes, a secondary goal of the project was to determine how much 
information an ES would require to accurately determine refractive 
corrections for these patients. Do accurate determinations always 
require all 21 points of refractive data, or are only distance findings 
required? Are near phorias .and ductions always essential? Do 
human experts always use habitual Rx data, or do they usually just 
prescribe the current best refraction for low power myopes? 
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To address these questions, separate ESs were developed using 
different amounts of patient data ranging from all 21 points plus the 
habitual Rx, etc., to only the sphere and cylinder powers needed for 
the best balanced refractive correction (BRC). The ESs were tested 
by determining how accurately they predicted the sphere and 
cylinder powers actually prescribed for real patients by experienced 
optometrists. 
Development of Expert Systems 
Understanding how the the ESs used in this project were 
developed requires some background information. To produce an ES 
for a specific application, a system developer has several options. 
First, she or he can choose to write the ES from scratch using a 
special purpose language such as LISP or PROLOG.10•12 Writing 
from scratch usually produces an ideal program for the end-user, but 
it is a very time consuming and complex process which is typically 
reserved for large systems developed by professional programmers. 
Using the second, and more typical option, the ES developer can 
make use of commercially available ES shell programs which range 
in price from a few hundred to a few thousand dollars. These shells 
can be easily customized by the end-user for his or her specific 
purpose; the same shell could be customized to decide if a merchant 
should offer credit to a customer, or what the powers should be in a 
patient's glasses. The shell producer has done most of the hard 
programming work, and all the end-user has to do is provide input 
and output data to customize the shell. 
Rule-based Versus Example-Based Systems 
Based on the method by which they acquire their heuristics 
(similar to the rules-of-thumb used by human experts to make 
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decisions), ESs can be divided into two categories: rule-based and 
example-based. As the name implies, rule-based systems are given 
their heuristics directly by the program developer or customizer in 
the form of "IF-THEN" rules. For instance, an IF-THEN rule used by 
some optometrists is: IF the cylinder axis for BRC is within 5 
degrees of 90 degrees, THEN prescribe a cylinder correction with an 
axis of 90 degrees. IF-THEN rules can also be linked together to 
cover more complex situations: IF the cylinder power is -1.00 
diopter or less, and IF the cylinder axis for best acuity is within 5 
degrees of 90 degrees, THEN prescribe a cylinder correction with an 
axis of 90 degrees. 
Rule-based systems are most appropriately used in situations 
which have pre-defined and easily specified rules relating input 
characteristics (e.g., the cylinder axis found during the refraction) 
to output characteristics (e.g., the cylinder prescribed in the 
patient's glasses). For optometric applications, such as spectacle 
lens prescribing, rule-based systems could be developed which 
would use Optometric Extension Program37 or other established rule 
sets. Although such rule-based ESs might be relatively easy to 
develop, many optometrists would feel that subtle variations in 
their patients' responses and/or differences in their prescribing 
philosophies would make such rule-based ESs inappropriate. In other 
words, a strictly rule-based system might not reflect the 
prescribing "art" which an optometrist had developed during her or 
his practice career. In this case, use of the second major type of ES, 
the example-based system, might be more appropriate. 
An example-based ES derives its own heuristics internally by 
analyzing examples of input data and output decisions provided by 
the system developer. Instead of giving the ES shell specific IF-
THEN rules for prescribing cylinder, it would be given examples of 
cases in which cylinder was prescribed. Some of these examples 
would include prescriptions in which the axis was rolled to 90 
USE OF EXPERT COMPUTER SYSTEMS TO PREDICT 
DISTANCE REFRACTIVE ERROR CORRECTIONS 7 
degrees if it was close to 90. Other examples might teach the 
system that it was acceptable to roll the cylinder axis only if the 
cylinder power was not too great, and if the patient's old Rx had the 
axis at 90 degrees, and if the patient was not too old or nervous, etc. 
From these examples, the ES would learn the art and science of how 
the optometrist who provided the input cases prescribed cylinder. 
By reviewing many cases, an ES could learn not only the basic 
heuristics for prescribing, but it could also learn the subtle 
heuristics used to modify the basic rules. In this way, the ES would 
capture the . expertise that the optometrist had developed over many 
years of practice experience, and which he or she might not be able 
to verbalize, or even be aware of. This ability of an ES to capture 
the expertise of a human has far reaching implications, not only for 
optometry, but for all of society. 
Serial versus Parallel Distributed Processing 
A few years ago, ESs and most other computer programs dealt 
with complex problems serially by considering one component at a 
time in the order specified by the programmer. This is not, however, 
a very efficient procedure, and it is not the way that the human 
brain works on complex problems. The brain is able to break such 
problems apart into components and distribute the components to 
different centers (nuclei, or neurons) which work on them in 
parallel. The advantages of parallel processing in terms of speed 
and efficiency are obvious, but so are the problems associated with 
dividing a problem into components, coordinating the parallel 
processing, and putting the multiple outputs together to form a 
single solution. Computer systems, called neural networks, have 
been developed that simulate the parallel way in which the human 
brain processes complex information. By using special programming 
technology referred to as parallel distributed processing (PDP), 
neural networks can be simulated on computers which can only 
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process information serially, such as the current personal 
computers. 3 8 
DEVELOPMENT OF EXPERT SYSTEMS 
In this project, the use of both example-based and rule-based 
ESs for predicting the refractive corrections prescribed for real 
patients was demonstrated by using two commercially available 
program shells: NeuroShell and EXSYS. 
Example-based Expert Systems - NeuroShell 
The first ES program shell chosen to predict sphere and 
cylinder corrections from refractive data was NeuroShell.39 •40 
NeuroShell (Ward Systems Group, 245 W. Patrick St, Frederick MD 
21701) is an example-based ES shell which uses PDP to analyze 
problems. The choice of an example-based system was made so as 
to capture prescribing heuristics which could not easily be 
verbalized by optometric experts, and a neural network program was 
chosen because the task of predicting refractive corrections fits 
well within the criteria specified by Barker and Barker.40 (Table 1) 
INSERT TABLE 1 ABOUT HERE 
Selection of Example and Test Patient Cases 
To teach NeuroShell the heuristics for prescribing lenses, and 
to provide test cases for evaluating the ESs that NeuroShell 
produced, 150 patient records were selected from the files of 
Pacific University College of Optometry. To be selected, a record 
had to represent a young, low power myope with only distance 
complaints. Specific criteria for record selection are shown on 
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Table 2. Although college policy requires that all 21 OEP 
examination points be completed on each patient, and attempts were 
made to select only complete records, some records lacked data 
from tests such as vertical phorias. In these cases, OEP expected 
norms were substituted for the missing data. Many records also 
lacked blur points for duction testing; in these cases corresponding 
break points were substituted. No records were used that lacked 
numerous or significant data such as habitual lens powers or chief 
complaint. It is important to note that each record selected 
represented a patient for whom data were gathered by a relatively 
inexperienced (as compared to an optometrist with many years of 
practice) third or fourth year student intern, but the ultimate 
prescription decision for each patient was made by an experienced 
faculty optometrist. 
INSERT TABLE 2 ABOUT HERE 
From the 150 records meeting the criteria in Table 2, 120 
records were selected at random to be used as learning examples by 
NeuroShell, and 30 were reserved to test the ESs NeuroShell 
produced. Using the 120 records, four separate ESs were 
constructed by allowing the shell to have access to different 
amounts of data from each patient's record. These systems are 
designated ALL DATA, NO NEAR, SIMPLE, and MINIMAL. The input data 
sets used to teach the ESs are shown on Table 3 
INSERT TABLE 3 ABOUT HERE 
ES Derived From ALL OAT A Input Data 
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The initial ES made with NeuroShell was constructed by 
providing the shell with all of the data available from each of the 
120 learning example records. Phorometry, habitual and final 
refractive error corrections, Snellen denominators, etc., were 
entered numerically, and the chief complaint was entered as a zero 
or a 100 corresponding to the absence or presence of a distance blur 
complaint. To learn the proper relationships between patient data 
and prescribed lens powers, NeuroShell had to discover patterns in 
the data and convert these patterns into heuristics. Conceptually, 
NeuroShell derives its heuristics by trying out different "paths" to 
get from input data (phorometry, etc.) to output data (sphere and 
cylinder powers of the patient's prescription). Some of these paths 
lead to the correct outputs and are reinforced, but others do not and 
are discarded. The process of trying out a path is called a "learning 
event," and it is obvious that NeuroShell needs to try many paths 
until it settles on those which correctly relate inputs to outputs. 
During the process of learning heuristics, NeuroShell provides 
a histogram to show progress and to indicate when learning is 
finished or has reached an asymptote. For the ALL DATA input set, it 
took 124 hours and 247,000 learning events for NeuroShell to reach 
an asymptote. (NeuroShell was run on an IBM-AT Model 68 with math 
co-processor and 640K of memory. The program comes configured 
with default values for parameters such as momentum, number of 
hidden nodes, etc., and these default values were always used.) 
Although the process by which NeuroShell derives heuristics 
from example cases can be quite tedious, once the heuristics have 
been learned it takes only a few seconds to apply them to test cases. 
To evaluate the heuristics NeuroShell derived by learning from the 
ALL DATA input set, 30 test cases which NeuroShell had not 
previously seen were supplied to the ES, and it was asked to predict 
the monocular sphere and cylinder powers for each patient's 
prescribed Rx. (It is important to note that even though all of the 
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ESs in this project predicted monocular lens powers, they 
considered data from both eyes of each patient when making their 
predictions.) To assess the accuracy of NeuroShell's predictions, 
they were compared to the actual prescriptions given to each of the 
30 test patients. The difference between the predicted and 
prescribed values for sphere and cylinder was calculated for each of 
the 60 eyes and the results are shown in Figure 1. To aid in 
interpreting these differences they are grouped into the categories 
indicated on Table 4. NeuroShell predicted the sphere powers 
exactly for 12 eyes and missed for 48 eyes. Of the 48 eyes, the ES 
over-minused 5 and gave too much plus to 43. The mean deviation 
from the actual spherical prescription for the 48 eyes was =+0.36 
diopter (SD=0.33). 
INSERT TABLE 4 AND FIGURE 1 ABOUT HERE 
Why didn't the ES predict refractive corrections with 1 00% 
accuracy for these very simple patients? Perhaps by considering 
only 120 cases, the ES could not learn the complex heuristics that 
the human experts had used for prescribing, or possibly the ES was 
confused by having too many irrelevant input data which had little or 
no relationship to the patients' prescriptions. To evaluate these 
possibilities, ESs were constructed by decreasing the amount of 
information supplied to NeuroShell for each patient. 
ES Derived From NO NEAR Input Data 
To reduce the amount of potentially confusing data from which 
NeuroShell had to derive heuristics, an ES was made by arbitrarily 
eliminating all near-point test data from the 120 learning cases 
provided to the shell. This eliminated 21 entry fields from the data 
that NeuroShell had to consider and resulted in more rapid learning. 
Reaching a learning asymptote for the NO NEAR data set required 67 
hours of computer time and 221 ,000 learning events. 
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To evaluate the resulting ES, input data using only the NO NEAR 
fields were provided for the 30 test patients, and the accuracies of 
the sphere and cylinder predictions were determined. The reduction 
of input data improved the accuracy of the ES's refractive correction 
predictions, with the ES now being within 0.25 diopter of the actual 
sphere and cylinder prescription values 62 and 72% of the time, 
respectively. (Figure 1) The ES over-min used 8 eyes and gave too 
much plus spherical power to 39; the mean error for these 47 eyes 
was +0.29 diopter (8D=0.33). 
The slight increase in prediction accuracy, as compared to the 
ALL DATA ES, suggested that the problem Neuro8hell encountered 
with the ALL DATA input was not an inability to extract complex 
heuristics from a limited number of learning examples, but an 
inability to extract heuristics from too many irrelevant data. 
Because the accuracy of the ES improved with a reduction of input 
data, the input data set was further simplified. 
ES Derived From SIMPLE Input Data 
The SIMPLE data set used to construct the next ES consisted of 
only the patient's final prescription, chief complaint, habitual lens 
and acuity values, and best refractive correction values with 
resulting acuities. NeuroShell required 40 hours of computer time 
and 287,500 learning events to develop its heuristics for this data 
set. Evaluation of the ES with the 30 test patients indicated a 
further increase in accuracy with the ES predicting sphere and 
cylinder prescriptions within 0.25 diopter for 97 and 98% of the 
eyes. (Figure 1) Sixteen eyes were over-min used and 11 would have 
been given too much plus sphere power by the E8; the mean 
difference between predicted and prescribed sphere powers for the 
27 eyes was -0.05 diopter (8D=0.27). 
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The increase in accuracy, as compared to the ALL DATA and NO 
NEAR data sets, suggests that the heuristics used by the human 
prescribing experts weren't very complex and that very little of the 
refractive data available for the low power myopes was used. To 
further define the amount of data necessary for human and computer 
experts to prescribe for patients such as these, an ES was 
constructed using only the BRC data. 
ES Derived From MINIMAL Input Data 
The MINIMAL data set consisted of only the sphere and cylinder 
powers yielding BRC and the actual sphere and cylinder powers 
prescribed for each eye of the 120 patients. NeuroShell required 19 
hours and 667,000 learning events to reach an asymptote indicating 
that it had derived its heuristics for this data set. Evaluating the 
MINIMAL ES with the data from the 30 test patients indicated that 
the ES predicted sphere and cylinder powers within 0.25 diopter for 
98% of the eyes. (Figure 1) Ten eyes were over-minused by the ES 
and 8 were prescribed too much plus sphere; the mean deviation for 
the sphere powers of these 18 eyes was +0.04 diopter (SD=0.27). 
As compared to the prediction accuracy of the SIMPLE ES, there 
was a significant increase in the number of eyes for which the 
MINIMAL ES exactly predicted the power of the lenses prescribed. 
This suggests that the heuristic used by human experts to prescribe 
distance corrections for the majority of low power myopes with no 
near complaints is essentially to prescribe lenses which provide the 
BRC. 
Rule-based Expert Systems - EXSYS 
If the heuristics used by optometric experts to prescribe for 
most of the low power myopic patients in this study weren't very 
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complex, the ability of an example-based ES such as NeuroShell to 
derive subtle and difficult to specify rules is not be needed, and a 
rule-based system would be more appropriate. To evaluate this 
possibility, two demonstration ESs were constructed with the rule-
based program shell EXSYS (EXSYS Inc., PO Box 11247, Albuquerque, 
NM 87192) . 
Like NeuroShell, EXSYS41 runs on an IBM personal computer and 
is commercially available for a few hundred dollars. The end-user 
can customize EXSYS with up to 5,000 IF-THEN rules that the 
program can link together to make very complex ESs. As with any 
rule-based ES, the hardest part of customizing EXSYS is specifying 
exactly what rules to use. Once the rules have been defined and 
entered, the ES takes only a few seconds to make decisions about 
novel cases. 
To demonstrate the ability of EXSYS to predict distance 
refractive error corrections, two relatively simp le ru le sets were 
used. These rule sets were derived by the authors of this paper from 
clinical experience and a review of the 120 learning cases used by 
NeuroShell. Once the rule sets had been entered into EXSYS, they 
were used to predict the refractive error corrections for the 30 test 
patients used previously. The first rule simply stated: IF the BRC 
improved acuity as compared to the habitual acuity, THEN prescribe 
the BRC. The rule was trivial, but it was successful in predicting 
the actual sphere and cylinder prescriptions within 0.25 diopter 
100% of the time. (Figure 2) As compared to the exact spherical 
powers prescribed, the ES over-minused 8 eyes and gave too much 
plus to 5 eyes; the mean difference between predicted and 
prescribed sphere powers was -0.06 diopter (80=0.25). 
INSERT FIGURE 2 ABOUT HERE 
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In an attempt to improve on this ES, a second system was 
constructed by providing EXSYS with three rules which were applied 
in sequence: 1) IF the BRC improved acuity as compared to the 
habitual acuity, THEN prescribe the BRC; 2) IF the BRC sphere power 
is 1.75 diopter or more minus than the habitual, THEN prescribe 
+0.25 diopter more than the BRC sphere power; 3) IF the habitual 
spherical corrections are the same, and one of the spherical BRC 
powers is the same as the habitual sphere, and the other sphere 
power is different by 0.25 diopter, THEN prescribe the more minus of 
the BRC sphere powers biocularly. Using these three rules, the ES 
predicted sphere and cylinder within 0.25 diopter for 100% of the 
eyes and made exact sphere and cylinder predictions 85 and 90% of 
the time. (Figure 2) The ES over-minused 6 eyes and gave too much 
plus sphere power to 3 eyes; the mean difference between predicted 
and prescribed sphere powers was -0.08 diopter (SD=0 .25). 
A post-hoc analysis of the 9 eyes which did not have their 
spherical corrections predicted exactly by the ES revealed no 
additional rules which could have been added to the rule set to 
increase the prediction accuracy for these eyes. Although these 
cases might represent the application of complex prescribing 
heuristics that the various ESs could not duplicate, it is also 
possible that they represent errors, experimentation, or the 
occasional and inconsistent use of an unusual heuristic by one or 
more of the prescribing optometrists. It is important to note, 
however, that in no case were the distance sphere or cylinder values 
predicted by the ES more than 0.25 diopter away from the actual 
prescriptions given to patients. 
DISCUSSION AND IMPLICATIONS FOR THE FUTURE 
The goals of this project were to demonstrate that ESs could 
be taught to prescribe wearable sphere and cylinder lenses for low 
power myopes, and, secondarily, to determine how much patient data 
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the ESs would require to do this. Both goals were reached. The 
NeuroShell ES using the MINIMAL data set correctly determined the 
sphere and cylinder powers within 0.25 diopter for 98°/o of the test 
eyes, and the EXSYS ES, with only 3 rules, was within 0.25 diopter 
1 00°/o of the time. 
Early in this project, it was assumed that the prescribing 
heuristics for the sample population would be somewhat subtle 
and/or complex and that the power of an example-based system, 
such as NeuroShell, would be needed to capture them. Not 
surprisingly, this assumption was invalid. When NeuroShell was 
provided with all of the data from the learning cases, it became 
confused (just as humans do when given too many irrelevant data), 
and the system did not perform well. Reducing the amount of input 
data significantly improved the ESs' performance and the best 
prediction of the patients' sphere powers was achieved when the ES 
was given only BRC information. 
The need for only a minimum amount of input data was also 
demonstrated by the EXSYS ESs. A few simple and logical rules, 
along with habitual and BRC data, allowed the system to predict 
prescribed sphere and cylinder corrections within 0.25 diopter for 
all of the test eyes. The system predicted the spherical corrections 
given by experienced human optometrists exactly for 85% of the 
eyes, and it could be argued that the differences of 0.25 diopter or 
for the other 15% of the eyes might be close to the noise level 
associated with prescribing for real patients. These results 
indicate that, as most optometrists know, data from a full 21 point 
examination are not typically used to prescribe distance corrections 
for simple, low power myopes with no special problems. 
What are the implications of the fact that a computer can be 
taught to prescribe lens powers that are within 0.25 diopter of the 
lenses selected by human optometrists? Initially, the implications 
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might seem trivial because of the extremely simple patient 
population selected for this study. No experienced optometrist 
would have a problem prescribing for these patients, therefore the 
ESs seem quite redundant. This is probably true. If the task was to 
analyze input data and determine distance refractive corrections for 
the population of simple myopes considered here, an ES and an 
experienced optometrist would not both be needed. 
Could the human optometrist be replaced by an ES for this 
patient population? If so, how, and under what circumstances? 
Consider the flow of a typical examination designed to provide a 
spectacle correction. Initially, a history is obtained and the 
patient's habitual prescription is determined. At this point a triage 
decision could be made and patients, like the ones in this study with 
low power habitual myopic corrections, no near complaints, 
minimum cylinder, etc., could be directed to a technician (perhaps 
with training equal to an optometry student) for data gathering and 
an ES for prescribing. What percentage of patients might fit into 
this triage category? At least 25% of the general population has 
refractive errors within the 0.00 and -4.00 diopter range considered 
in this study. Of these patients, an estimated 5% might have 
habitual cylinders greater than -3.00 diopters, and an additional 20% 
might have near complaints, be presbyopic, want contact lenses, 
wear adds for myopia suppression, etc. This leaves perhaps of 20% 
of the patients who might come to a typical optometric office as 
candidates for a technician/ES system using a system similar to one 
of the demonstration ESs developed in this project. 
There are potential problems with this technician/ES concept, 
however. Would a trained technician be able to gather accurate, 
valid, and meaningful data from all patients? How would the 
technician know when individual test results didn't make sense and 
needed to be repeated? Could a technician think about the 
examination findings as they were being obtained so as to tailor the 
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examination for each individual patient, just as an optometric 
expert does? The answer to these questions is probably "yes," but 
only if the technician was given an ES to help out. Test data could 
be entered on-line as the technician obtained them, and an ES, which 
had been taught the optometrist's heuristics, could advise her or him 
on what tests needed to be repeated, which ones could be omitted, 
and which additional tests should be conducted. At the end of data 
gathering, another ES could analyze the refractive data and either 
prescribe the most appropriate lenses or decide that the test data 
required referral of the patient to a human expert. 
If such a set of ESs for patient care were available today, 
would they be accepted by patients and doctors? Would they replace 
optometrists? Probably not. Optometrists would still need to 
evaluate the health of each patient and would have to examine 
patients with problems beyond the scope of the ESs. Patients might 
also demand the psychological benefits of seeing the "doctor" rather 
than a technician with a computer. Use of an ES/technician system 
could, however, free-up a considerable amount of professional time 
and allow the optometrist to conduct advanced health evaluations 
and disease treatments, provide therapy to enhance visual 
performance, and/or see additional patients. These advantages 
would be relevant, however, only if the optometrist had limited time 
and a patient back-log. But many do not. The initial use of ESs will, 
therefore, probably occur in high patient volume situations, such as 
certain military clinics and HMOs, where technicians are already 
available and where the optometric time available for each patient 
is limited. To meet the needs of these clinics, ESs for dealing with 
relatively simple problems, such as determining spectacle 
corrections for myopes or checking refractive corrections 
prescribed by humans,42 could be introduced first, and, assuming 
that these systems were successful, ESs for use with more complex 
problems would follow. 
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The very simple demonstration systems developed in this 
study indicate that the concept of using ESs as aids for treating 
optometric patients is sound; the only limitations might be the 
technical and financial ones associated with developing such 
systems, and the psychological problems associated with patient 
and professional acceptance of them. 
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TABLE 1 
COMPARISON OF BARKER AND BARKER4° CRITERIA FOR USING A 
NEURAL NE1WORK VERSUS THE REQUIREMENTS FOR PREDICTING 
REFRACTIVE CORRECTIONS 
BARKER AND BARKER 
CRITERIA 
1. Inputs are noisy 
2. Rule sets are unclear, 
too dynamic, or too 
large 
3. Pattern recognition 
is involved 
4. Plausible reasoning is 
involved 
5. Data analysis is needed 
6. Sample decisions are 
available or can be 
produced 
PREDICTION OF REFRACTIVE 
CORRECTIONS 
There is a considerable range of 
refractive data which could lead 
to the same prescription. 
Basic rules for prescribing are 
clear, but the subtle variations 
based on practice art are not at 
all clear 
Patterns of refractive findings 
and patient complaints yield 
specific prescriptions 
Prescribing is not random, i.e., 
it follows definable rules 
Input refractive and other data 
must be analyzed to produce the 
prescription 
Every optometric office has many 
patient records with refractive 
data and lens prescriptions 
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TABLE 2 
CRITERIA FOR PATIENT RECORD SELECTION 
PRELIMINARY FINDINGS: 
Chief Complaint: none or only distance blur; no near 
complaints 
History: no disease; no ocular problems; no unusual 
circumstances such as head trauma, 
strabismus; no history of vision training, 
poor reading etc 
Habitual Prescription: sphere powers between zero and 
-4.00 diopters; cylinder powers no greater 
than -3.00 diopters; no more than 1.00 
diopter anisometropia; no near lenses or adds 
Age: between 8 and 40 years old 
PRESCRIPTION GIVEN: 
Approval: prescription powers must have been approved 
by staff optometr ist 
Problems : no record of patient return with prescription 
problems 
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TABLE 3 
SPECIFICATION OF INPUT DATA USED BY NEUROSHELL TO CONSTRUCT 
EXPERT SYSTEMS 
INPUT DATA ALL DATA NO NEAR SIMPLE 
PATIENT AGE X X 
CE'DER X X 
COMPLAINT OF NEAR BLUR X X 
COMPLAINT OF DISTANCE BLUR X X X 
UNCORRECTED VA OD X X 
UNCORRECTED VA OS X X 
HABITUAL SPHERE OD X X X 
HABITUAL CYLINDER OD X X X 
HABITUAL VA OD X X X 
HABITUAL SPHERE OS X X X 
HABITUAL CYLINDER OS X X X 
HABITUAL VA OS X X X 
AGE OF HABITUAL RX X X 
YEARS SINCE FIRST RX X X 
STATIC RETINO SPHERE OD X X 
STATIC RETINO CYLINDER OD X X 
STATIC RETINO SPHERE OS X X 
STATIC RETINO CYLINDER OS X X 
FIRST 20/20 SPHERE OD X X 
FIRST 20/20 CYLINDER OD X X 
FIRST 20/20 SPHERE OS X X 
FIRST 20/20 CYLINDER OS X X 
BEST VA SPHERE OD X X X 
BEST VA CYLINDER OD X X X 
BESTVAOD X X X 
BEST VA SPHERE OS X X X 
BEST VA CYLINDER OS X X X 
BEST VA OS X X X 
FAR PHORIA X X 
FAR DUCTION 80 BLUR X X 
FAR DUCTION BO BREAK X X 
FAR DUCTION 80 RECOVERY X X 
FAR DUCTION Bl BREAK X X 
FAR DUCTION Bl RECOVERY X X 
FAR VERTICAL PHORIA X X 
FAR VERT DUCT BREAK (BD-OD) X X 
FAR VERT DUCT RECOV (BD-OD) X X 
FAR VERT DUCT BREAK (BU-OD) X X 
FAR VERT DUCT RECOV (BU-OD) X X 
NEAR PHORIA X 
DISSOC CROSS CYLINDER OD (14a) X 
DISSOC CROSS CYLINDER OS (14a) X 
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MINIMAL 
X 
X 
X 
X 
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PHORIA THROUGH 14a X 
BINOC CROSS CYLINDER OD (14b) X 
BINOC CROSS CYLINDER OS (14b) X 
PHORIA THROUGH 14b X 
NEAR DUCTION 80 BLUR X 
NEAR DUCTION 80 BREAK X 
NEAR DUCTION 80 RECOVERY X 
NEAR DUCTION Bl BLUR X 
NEAR DUCTION Bl BREAK X 
NEAR DUCTION Bl RECOVERY X 
NEAR VERTICAL PHORIA X 
NEAR VERT DUCT BREAK (BD-OD) X 
NEAR VERT DUCT RECOV (BD-OD) X 
NEAR VERT DUCT BREAK (BU-OD) X 
NEAR VERT DUCT RECOV (BU-OD) X 
AMPLITUDE OF ACCOMM X 
MINUS POWER TO BLUR NEAR X 
PLUS POWER TO BLUR NEAR X 
LENS PRESCRIBED SPHERE OD X X X 
LENS PRESCRIBED CYLINDER OD X X X 
LENS PRESCRIBED SPHERE OS X X X 
LENS PRESCRIBED CYLINDER OS X X X 
USE OF EXPERT COMPUTER SYSTEMS TO PREDICT 
DISTANCE REFRACTIVE ERROR CORRECTIONS 
X 
X 
X 
X 
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TABLE 4 
CRITERIA USED TO CATEGORIZE DIFFERENCES BETWEEN PREDICTED 
VERSUS PRESCRIBED REFRACTIVE ERROR CORRECTIONS 
CRITERION 1: After rounding to the nearest 0.25 diopter, there is no 
difference between the predicted and prescribed 
corrections. 
CRITERION 2: After rounding, the predicted and prescribed 
corrections differ by more than 0.125 diopter but 
not by more than 0.25 diopter. 
CRITERION 3: After rounding, the predicted and prescribed 
corrections differ by more than 0.25 diopter but 
not more than 0.50 diopter. 
CRITERION 4: After rounding, the predicted and prescribed 
corrections differ by more than 0.50 diopter. 
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FIGURE CAPTIONS 
FIGURE 1. Differences between predicted and prescribed sphere and 
cylinder powers were calculated for the ESs constructed with 
NeuroShell. These differences were then grouped according to the 
criteria specified in Table 4. Solid histogram bars represent the 
percentage of eyes fitting into each criterion, and striped bars 
indicate cumulative percentages. 
FIGURE 2. Differences between predicted and prescribed sphere and 
cylinder powers were calculated for the ESs constructed with EXSYS. 
These differences were then grouped according to the criteria 
specified in Table 4. Solid histogram bars represent the percentage 
of eyes fitting into each criterion, and striped bars indicate 
cumulative percentages. 
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FIGURE 2 
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APPENDIX 
APPENDI'X 
PART 1 
The first two pages are a hand-out given to passers-by at the 
poster display of the annual meeting of the American Academy of 
Optometry in New Orleans, 5 December, 1989. The second page was 
designed to aid the poster viewer work through one of the two 
demonstration ESs at the display. These demonstration ESs were 
incorporated on the rule-based EXSYS® and on the example-based 
1 stCLass®. The knowledge domain of each was based on the 
frontispiece chart for the diagnosis of the acute red eye in the 
ophthalmology text of Vaughn and Asbury. The subsequent pages are 
copies of the text of the poster we presented. Not all the text was 
presented. 
Part 2 
This poster was presented at the annual meeting of the 
Association for Research in Vision and Ophthalmology in Sarasota, 
Florida, on 4 May 1990. There are, to my knowledge, no previously 
published studies of assessment of expert opinion using expert 
systems. This poster fulfilled the Clinical Practicum requirement 
for the Master's degree in Clinical Optometric Management. 
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PART 1 EXPERT SYSTEMS 
-An Artificial Intelligence program which captures the knowledge of human experts in a 
specified knowledge domain 
-Simulate an expert's decision-making ability 
-Able to modify its behavior to reflect past experience = "learning" 
SOME TYPES OF EXPERT SYSTEMS: 
-Rule-based: The knowledge engineer/domain expert submit pre-specified IF-THEN 
rules for the program to use 
-Example-based: The program derives its own rules from example situations and 
outcomes provided by the domain expert 
-Hybrid: Some programs use combinations of rule- and example-based systems 
EXAMPLES OF COMMERCIAL ES: 
-PROSPECTOR acts as a consultant to aid geologists in the search for ore deposits. It 
estimates the probability of finding particular types of minerals at specified locations. 
-Credit Authorizer's Assistant is used by American Express to determine the credit 
status of card holders. It decreases the time to make credit authorization decisions up to 
30%. 
-XCON is used by Digital Equipment Corp to design full computer systems to meet 
customer's needs. XCON is an extensive, useful and evolving system. 
EXAMPLES OF MEDICAL ES: 
-INTERNIST is a majorES program used to assist physicians in making diagnoses of 
problems an internist might encounter. The system deals with over 500 diseases and 
over 3500 manifestations. It is currently used as a teaching aid in medical schools. 
-MYCIN is a program that selects an appropriate antibiotic for the treatment of 
bacteremia meningitis and cystitis. Developed at Stanford, it was one of the first ES. 
-GUIDON is an educational ES based on MYCIN. 
-EMYCIN is MYCIN emptied (hence the "E") of it's knowledge. It is a widely used ES 
shell. 
-SEXPERT Assesses and treats sexual dysfunctions in adults. The program asks questions 
and receives answers via video terminal. It then provides psycho-therapy. Many 
patients appreciate the fact that no human interaction is required. 
EXAMPLES OF OPHTHALMIC ES: Currently, there are less than 10 published 
ophthalmic ES. 
- CASNET/GLAUCOMA uses patient test results and symptoms to determine diagnoses and 
treatments for glaucoma. 
- PADI-SEHAA matches patient's signs with pre-specified clusters of signs to determine 
glaucoma diagnosis. 
-OCULAR HERPES MODEL is a rule-based system written with the EXPERT shell. It aids 
in the diagnosis and management of ocular herpes based on clinical history and lab 
findings. 
- PEC is an "electronic book" based on WHO Guide to Primary Eye Care. It is planned to 
be used on battery-operated microcomputers. 
- STRABDIAG matches patterns of patient's history and findings of binocularity in a 
weighted manner with pre-specified patterns corresponding to diagnostic classifications. 
FUTURE OF ES IN OPTOMETRY: 
- Don't send the patient out, bring the expert to the patient in the form of an ES. 
- In the future, will contact with a "real" doctor become necessary only for exceptional 
cases or a luxury as Expert Systems become cheaper and "better" than expensive, 
emotional, variable, and error-prone humans??? 
FOR FURTHER INFORMATION: Ellis M. Madsen, MS, OD, Major, US Army 
PO Box 472, Forest Grove, OR 97116 
Phone: (503) 357-0681 
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EXPERT SYSTEMS: 
LABORATORY CURIOSITIES OR OPTOMETRISTS OF TOMORROW 
ELLIS M. MADSEN, A. RICHARD REINKE, MARY H. FEHRS and ROBERT L. 
YOLTON 
COLLEGE OF OPTOMETRY 
PACIFIC UNIVERSITY 
FOREST GROVE, OREGON 
WHAT IS ARTIFICIAL INTELLIGENCE (AI)? 
-It is the automation of human thought. 
-It involves the simulation of a human's intelligent decision-
making process by a computer. 
SOME EXAMPLES OF AI 
-Robotics 
-Speech and Visual Pattern Recognition 
-Expert Systems (ES) 
EXPERT SYSTEM 
-An AI program which captures the knowledge of human experts in a 
specified domain. 
-These programs simulate an expert's decision-making ability. 
-Able to modify their behavior to reflect past experience = 
"learning." 
SOME TYPES OF EXPERT SYSTEMS 
-Rule-based: The knowledge engineer/domain expert submits 
pre-specified IF-THEN rules for the program to use 
-Example-based: The program derives its own rules from 
example situations and outcomes provided by the domain expert. 
-Hybrid: Some programs use combinations of rule- and 
example-based systems. 
-Neural Networks 
IS AN ES APPROPRIATE? 
-determine if requirements for ES development are met 
-determine if the benefits justify ES development. 
-determine if the task is appropriate for ES development. 
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HOW IS AN ES DEVELOPED? 
1. The determination is made that the task is appropriate for 
ES development. 
2. A knowledge engineer interviews one or several domain 
experts who are considered to be experts in the domain. 
3. The goal is to extract the heuristics (rules of thumb) the 
expert uses to make decisions. 
4. A computer program is developed which contains the 
extracted knowledge of the expert and an "inference engine" which 
uses the extracted knowledge to make decisions. 
5. The program is then evaluated with respect to its ability to 
make decisions in situations that would be faced by the domain 
expert. 
6. The program is modified, either by the knowledge engineer 
or the domain expert, or by internal software modifications. The 
program learns from its own successes and failures. 
7. The program is made available to the public for further 
development and use. 
EXAMPLES OF BUSINESS ES 
IN 1986, THERE WERE OVER 1500 ES IN COMMERCIAL USE WORLDWIDE 
EXAMPLES OF SYSTEMS: 
-PROSPECTOR Acts as a consultant to aid geologists in the 
search for ore deposits. Estimates probability of finding particular 
types of minerals at specified locations. 
-Credit Authorizer's Assistant Used by American Express to 
determine the credit status of card holders. Decreases time to make 
credit authorization decisions by up to 30%. 
-XCON Used by Digital Equipment Corp to design full computer 
systems to meet customer's needs. 
-FALCON Diagnoses process disturbances in a chemical plant 
by analyzing data from sensors, alarms, and switches. 
-BATTLE Provides weapons allocation recommendations to 
field commanders in warfare situations. ~ 
-FAITH Trouble-shoots space-craft problems by rapidly 
analyzing telemetry data. 
-GOD Replaces an expert blast-furnace operator known as 
"God". Controls flow rates, temperatures, and other processes which 
must inter-relate properly for the successful production of steel. 
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EXAMPLES OF MEDICAL ES: 
-INTERNIST A major ES program used to assist physicians in 
making diagnoses of problems an internist might encounter. The 
system deals with over 500 diseases and over 3500 manifestations. 
It is currently used as a teaching aid in medical schools. 
-MYCIN This program selects an appropriate antibiotic for the 
treatment of bacteremia meningitis and cystitis. 
-GUIDON An educational ES based on MYCIN. It teaches students 
by first presenting cases and solutions, and then by asking students 
to solve cases. Analyses and feedback regarding student's solutions 
are provided. 
-SEXPERT Assesses and treats sexual dysfunctions in adults. 
The program asks questions and receives answers via video terminal. 
It then provides psycho-therapy. Many patients appreciate the fact 
that no human interaction is required. 
-LIMEDS A major Swedish ES which integrates multiple remote 
clinic sites. It provides consultation on drug interactions, internal 
medicine diagnoses, and information on medical conditions. 
-DHSS-PA One of the largest rule-based ES in existence. Used 
by the National Health Service in England as an administrative tool 
to analyze health care statistics (e.g., hospital mortality rates). 
-METHUSELAH Provides diagnoses of geriatric psychological 
disorders based on patient symptoms. In a test, the program 
considered 17 more factors than human experts and agreed on 38 out 
of 45 diagnoses. 
-Detection of Drug Interactions Predicts drug interactions in 
hospitalized patients. In a test of 90 consecutive patients, the ES 
detected 27 potential interactions which were missed by human 
experts. 
-TROPICADE An ES for implementation on solar-powered 
computers used by "bare-foot" doctors in Third World countries. It 
provides consultation on tropical and internal disease diagnosis, and 
drug interactions. It is capable of considering 2500 disease 
manifestations. 
CURRENT MEDICAL ES 
ADVANTAGES: 
-System never forgets and can learn 
-Easily updated 
-Always complete 
-Portable and cheap (after development costs) 
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DISADVANTAGES: 
-The medical knowledge;domain is fuzzy 
-Users are often ignorant of the system 
-Medical ES have trouble with multiple diagnoses and/or 
treatments 
-Medical ES have trouble reasoning from basic information 
MEDICAL ES ARE DIFFERENT 
-They must operate in a very large and fuzzy knowledge domain 
-Great accuracy is required for moral and legal reasons 
-ES are justifiable because of their potential accuracy, speed, 
and completeness 
EXAMPLES OF OPHTHALMIC ES 
THERE ARE CURRENTLY LESS THAN 10 AVAILABLE ES SPECIFICALLY 
ORIENTED TOWARD EYE CARE. ALL ARE IN THE OPHTHALMOLOGICAL 
DOMAIN AND DEAL WITH DISEASE OR STRABISMUS SURGERY 
- CASNET/GLAUCOMA Rutgers. Uses patient test results and 
symptoms to determine diagnosis and treatment for glaucoma. 1978 
- PADI-SEHAA Paris. Matches patient's signs with pre-
specified clusters of signs to determine glaucoma diagnosis. 1986 
- MEDICO Univ of Illinois A rule based system which predicts 
the probability of certain chorio-retinal diseases based on rules 
specified by domain experts. 1976 
- OCULAR HERPES MODEL Rutgers. Rule-based system written 
with EXPERT shell. Diagnosis and management of ocular herpes based 
on clinical history and lab findings. 1982 
- PEC Rutgers. Written using EXPERT shell. "Electronic book" 
based on WHO Guide to Primary Eye Care. 1984. 
- STRABDIAG University of Rochester. Matches patterns of 
patient's history and findings in a weighted manner with pre-
specified patterns corresponding to diagnostic classifications. 1987 
IMPLICATIONS FOR OPTOMETRIC EDUCATION 
-Emphasize human skills training so that doctor can extract 
information from patient for ES analysis. 
-The education of the expert begins as an undergraduate when 
reasoning abilities are taught. 
-A continuing need for more computer literacy so that the 
doctor can interact with the ES in an efficient manner. 
FACTORS DETERMINING THE FUTURE OF ES IN OPTOMETRY 
1. Availability of hardware and technology? 
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2. Availability of venture capitol for program development? 
3. Level of demand for systems by optometrists? 
-Interest level and computer literacy of OD'S? 
-Pressures for quality assurance -ES as the standard? 
-Increasing scope and modes of optometric care? 
-Demand for increased productivity and income? 
-Cost containment pressures from third party payers? 
-Pressures from government through trend toward socialized 
health care? · 
FUTURE APPLICATIONS OF ES IN OPTOMETRY 
THE CONCEPT: DON'T SEND THE PATIENT TO THE EXPERT- BRING THE 
EXPERT TO THE PATIENT IN THE FORM OF AN ES 
Specific Areas of Application 
1. Specification of disease diagnosis probabilities based on 
signs and symptoms 
2. Diagnosis, selection of therapy, and prediction of prognosis 
in VT cases 
3. Analysis of 21 point data, history, etc to determine optimum 
spectacle Rx 
4. Determination of Rx in unusual/difficult cases such as 
aniseikonia 
5. Selection of first choice contact lens, analysis of fit, 
modification specification, and ordering from lab 
6. Control and analysis of visual field testing, specification of 
areas for retest, conduct of retest, and specification of diagnostic 
probabilities 
Will contact with a "real" doctor become a luxury in the near future 
and a negative in the distant future as Expert Systems become 
"better" than emotional, variable, and error-prone humans??? 
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PART 2 
ABSTRACT: 
USING ARTIFICIAL INTELLIGENCE 
TO ASSESS EXPERTS 
FITTING CONTACT LENSES. 
Ellis M. Madsen, MS, OD 
Major, US Army 
Cristina M. Schnider, OD, FAAO 
Assisstant Professor, 
College of Optometry, Pacific University 
Forest Grove, Oregon 
The project designer devised 25 sample contact lens patient 
cases, each with data in 21 fitting factors of relevance to the 
contact lens fit. Four optometrists, known experts in the fitting of 
contact lenses, independently analyzed the data of 25 contact lens 
patients given them by the project designer. For each case the 
experts assigned one of 24 possible contact lens types that he or she 
thought would best fit the patient. These analyses were input into 
the expert system shell, 1 stCiass® as examples. The expert system 
derived the decision trees of the each individual expert and of the 
set of al l the experts. The decision trees revealed that different 
fitting factors were decision nodes in the decision-making 
processes of different experts . Different f itting preferences as 
well as similarities were demonstrated by different experts. This 
method of analysis has application in optometric education, 
assessment and evaluation of expert decision making and in the 
study of standards of practice . 
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Health care clinicians make treatment decisions primarily using 
models of the way disease and treatment work. Assessment of 
treatment asks the question: Does the treatment really work? 
Why do assessment? 
1. Cost containment by elimination of not indicated procedures. 
2. Improve the quality of care. 
Assessment is done in a number of ways: 
1. Prospective clinical study 
2. Retrospective clinical study 
3. Survey expert opinion about indications for treatment 
4. Survey experts about specific cases 
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PURPOSE 
In this study we asked experts how they would fit specific contact 
lens cases. An expert system shell, 1 stCiass®, was used to analyze 
their responses. 
MEWOD 
Four widely-regarded contact lens practitioners were selected and 
agreed to participate in the study. Each expert was given or mailed 
the patient data for 25 cases and then asked to select for each case 
the best single lens treatment from a list of 28 possibilities. There 
was no consultation between experts. 
The project designer transformed the data from the questionnaires 
into a series of expert systems. Each case analyzed by an expert 
became an example input to an example-based expert system. 
DEMONSTRATION QUESTIONS: 
What are the indications for astigmatic correction in the 
contact lens prescription? 
What sort of correction, rigid or hydrophilic, should it be? 
Expert systems were constructed by discarding all but those 
factors relevant to the questions asked above. These relevant 
factors were spectacle cylinder, corneal toricity (~K), meridian of 
corneal toricity, residual cylinder and residual cylinder axis. 
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The project designer entered the 25 cases from each expert as 
examples into 1 stCiass®. The program software generated decision 
trees for each of the 4 individual experts. 
The decision trees of Expert #1 and Expert #2 look like this: 
Astigmatic corrections are highlighted. Rigid lens corrections are 
green, hydophilic lens corrections are pink. 
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The project designer then entered all 100 examples, 25 from each 
expert, into 1 stCiass®. The program software generated a single 
decision tree for the resultant "super-expert." 
The decision tree of the "super-expert" looks like this: 
Astigmatic corrections are highlighted. Rigid lens corrections are 
green, hydophilic lens corrections are pink. 
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ANSWERS: Use the decision trees to answer the demonstration 
questions. 
•No highlighting appears above the "~1.00" branch of the decision 
tree => all of the experts allowed up to 0.75 diopters of 
uncorrected astigmatism on their patients. 
•Highlighting appears with no highlighting on some branches of the 
decision tree => some experts allowed more uncorrected 
astigmatism than others. 
•Different colors of highlighting appear on a single branch of the 
decision tree => experts differed in their method of correcting 
astigmatism. 
DISADVANTAGES: 
•The software the number of results and factors. 
•The software allows only single results, but the designer can use 
combinations of outcomes as a result. 
•Only 250 examples can be input. As the number of factors and 
values per factor increases, the number of examples needed to 
contain all possible combinations increases very fast. The method 
will work best by limiting the number of factors to those under 
immediate consideration. 
ADVANTAGES: The system ... 
•allows a non-linear analysis of "fuzzy" data. 
•is modifiable: factors, results and examples can be added/deleted 
at any time in the system building process. 
•is portable. 
•is simple to use; data can be loaded by a technician. 
•provides a standardized format for analysis of a problem 
•has a built-in statistics routine. 
•allows different experts or sets of experts to input the same 
system, thereby creating a "super-expert." 
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FUTURE APPLICATIONS: 
•Assessment of expert opinion in the treatment of disease. 
•Assessment of expert opm1on of when patients should return. 
•Analysis of rates of mortality/ morbidity. 
The use of an expert system shell would allow the above analyses to 
be based of complex patient history and disease factors. 
Future pressures for quality assurance will increase the need for 
assessment of treatment strategies. The use of expert systems 
may be a valuable addition to the study of assessment of expert 
opinion. 
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PACIFIC UNIVERSiTY L ·'~1ARY 
FOREST GROVE. OREGON 
CONCLUSION 
Conclusion 
The future of ES in optometry will be strongly affected by a number 
of varied factors. Among these are the optical marketplace, consumers's 
demands for increased quality of care, government's and other payor's 
demands for cost containment, the mind-sets of optometric educators and 
other human factors. Indeed, these psychological and societal factors will 
probably be stronger than technological ones. Resistance by optometrists 
to optometric ES development will probably be at least as strong as it 
was to development and is now to the use of ES in medicine. 
Those who consider optometric ES a threat to their position and 
livelihood would do well to remember how previous threats to the 
profession were handled. Some, threats, such as the introduction and 
wide-spread use of intra-ocular implants, were technologically justified; 
there was no way to stop them, and no reason to. The response to that 
threat was optometric co-management of pseudaphakia. Other threats, 
such as knife-base radial keratotemy, have not proven to be so successful 
and are not so threatening to optometry. 
The introduction of ESs into optometry should be handled as have 
other historical threats; by understanding it and finding justifiable 
applications for it. Many observers envision effective optometric ESs as 
forcing a rise in the expertise of the practicing optometrist. These 
observers consider that the optometrist practicing in a world with 
effective optometric ESs will have to devote his or her energies to the 
more complex of cases and to cases where human-to-human interaction is 
of primary importance, ie visual training. 
